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ABSTRACT 
6HYHUDO� UHVHDUFK� ZRUNV� KDYH� GHPRQVWUDWHG� WKDW� LI� XVHUV¶� UDWLQJV�

are truly context-dependent, then Context-Aware Recommender 
Systems can outperform traditional recommenders. In this paper 
we present a novel contextual pre-filtering approach that exploits 
the implicit semantic similarity of contextual situations. For 
GHWHUPLQLQJ�VXFK�D�VLPLODULW\�ZH�UHO\�RQO\�RQ�WKH�DYDLODEOH�XVHUV¶�

ratings and we deem as similar two syntactically different 
contextual situations that are actually influencing in a similar way 
WKH� XVHU¶V� UDWLQJ� EHKDYLRU�� :H� YDOLGDWH� WKH� SURSRVHG� DSSURDFK�

using two contextually tagged ratings data sets showing that it 
outperforms a traditional pre-filtering approach and a state-of-the-
art context-aware Matrix Factorization model.  

Categories and Subject Descriptors 
H.3.3 [Information Storage and Retrieval]: Information Search 
and Retrieval ± information filtering.  

General Terms 
Algorithms, Experimentation, Performance 

Keywords 
Recommender Systems, Contextual Pre-filtering, Semantic 
Similarity, Collaborative Filtering, Matrix Factorization 

1. INTRODUCTION 
Context-Aware Recommender Systems (CARSs) differ from 
traditional recommenders because when they estimate the rating 
of a target user Q for an item E they do not only use a data set of 
ratings (of users for items), but they also exploit both the 
knowledge of the contextual conditions under which the ratings 
were acquired and the contextual situation of the target user 
asking for a recommendation. In Adomavicius and Tuzhilin [2], 
three different paradigms for incorporating contextual information 
into the recommendation process are presented: (1) contextual 
pre-filtering, where context is used for selecting the relevant set of 
rating data before computing predictions; (2) contextual post-
filtering, where context is used to adjust predictions generated by 
a traditional model; and (3) contextual modeling, in which 
contextual information is directly incorporated in the prediction 

model, usually by extending a traditional rating prediction model.  

Terminology-wise, we use the term contextual factor when 
referring to a specific type of contextual information (e.g. 
weather), and contextual condition when referring to a specific 
value for a contextual factor (e.g. sunny). The term contextual 
situation refers to a specific set of these contextual conditions that 
describe the context in which the user consumed the item. 

Among the three paradigms, pre-filtering is especially appealing 
because it has a straightforward justification: when context 
matters, use in the recommendation process only the data acquired 
in the same contextual situation of the target user, because only 
this data is relevant for predicting the user preferences. However, 
pre-filtering is not always the best option: in an experimental 
comparison of traditional pre-filtering versus post-filtering 
approaches, presented by Panniello et al. [12], their relative merits 
and issues are indicated. In fact, the main limitation of contextual 
pre-filtering comes from the difficulty to obtain ratings in all the 
possible contextual situations in order to build a robust and 
contextualized rating prediction model.  

As proposed by Adomavicius et al. [1], one solution to that 
sparsity problem is to use contextual segments, which are usually 
supersets of the target context (e.g. the weekend segment may be 
used when the target contextual situation is Saturday or Sunday). 
The limitation of this solution is that useful contextual segments 
need to be identified in the space of all possible segments and the 
computational cost of such an operation depends on the size of the 
search space. Moreover, this solution may result in a too coarse 
aggregation of contextual situations if the chosen contextual 
segments are too broad.  

Another solution has been proposed by Baltrunas and Ricci [6], 
and is based on the idea RI� ³LWHP� VSOLWWLQJ´� ZKLFK� FRQVLVWV� RI�
identifying in a selective way the relevant contextual conditions 
IRU�WKH�UDWLQJ�SUHGLFWLRQ�RI�HDFK�VLQJOH�LWHP��+HQFH��KHUH�UDWLQJV¶�

filtering is selectively carried out item by item.  

However, both previously mentioned solutions do not exploit the 
potential similarities of contextual situations. For instance, a mild 
temperature in a cloudy day may have, on the user evaluation of a 
place of interest, the same effect of a cooler but sunny day. In this 
paper we propose a pre-filtering approach that is based on the 
intuition that ratings acquired in contextual conditions similar to 
the target one may still be used to improve the rating prediction 
accuracy. Similarly to a traditional Collaborative Filtering (CF) 
DSSURDFK�� ZKLFK� SUHGLFWV� WKH� WDUJHW� XVHU¶V� UDWLQJV� ZLWK� D� ORFDO�

UHJUHVVLRQ�RQ�VLPLODU�XVHUV¶�UDWLQJV��ZH�SURSRVH�KHUH�WR�SUHGLFW�D�

context-dependent rating by regressing predictions computed in 
contextual situations similar to the target one. 

In our approach the similarity between contextual conditions is 
HVWLPDWHG�E\�LGHQWLI\LQJ�WKH�³PHDQLQJ´�RI�D�condition defined by 
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its implicit semantics: that is, the meaning of a concept (here, a 
contextual condition) is captured by the usage of the concept. 
Hence, contextual conditions are similar if they co-occur and 
produce a similar effect on the user¶V rating behavior. For 
example, in the recommendation of places of interest, bad weather 
conditions such as cold and rainy will have a positive effect on 
XVHUV¶� UDWLQJV� IRU� LQGRRU� SODFHV� OLNH� PXVHXPV�� DQG� D� QHJDWLYH�

effect for outdoor places like castles. In this case, given that cold 
and rainy DUH�VLPLODUO\�LQIOXHQFLQJ�XVHU¶V�UDWLQJV�RQ�WKH�VDPH�W\SH�
of items, we consider them as semantically similar. 

In a recent work [7], we demonstrated that this type of implicit 
semantics can be useful to improve the prediction accuracy of 
content-based models. In that work we acquired the implicit 
semantics of item attributes considering two attributes as similar if 
they co-occur often in the content-based user profiles (previously 
learnt from user ratings) and with a similar degree of interest.  

These similarities are then exploited to enhance a traditional 
content-based prediction method relying on item-user matching. 
Similarly, in this paper we show that the implicit semantics of 
contextual conditions can be exploited to implement an effective 
contextual pre-filtering approach.  

The remainder of this paper is organized as follows. Section 2 
presents the method for acquiring the implicit semantics of 
contextual conditions based on rating data. Section 3 describes our 
novel pre-filtering approach that exploits the acquired implicit 
semantics. Section 4 presents the experimental evaluation of the 
proposed approach. Finally, section 5 draws the main conclusions 
and foresees some future work.  

2. IMPLICIT SEMANTICS ACQUISITION 
In order to calculate the semantic similarities between contextual 
conditions we use the Vector Space Model (VSM). Our approach 
is similar to that used in information retrieval to calculate 
semantic similarities between two terms from a given corpus of 
documents [11]. It relies on the distributional hypothesis, i.e., 
terms co-occurring many times in the same linguistic context (e.g. 
document, paragraph, sentence) tend to have similar meaning. 
Calculating semantic similarities between terms is divided in three 
steps: (1) term-document matrix generation, where each entry 
stores the frequency, or a frequency-based weight (e.g. entropy), 
of a term in a document; (2) term-document matrix 
transformation, which usually consists of reducing the matrix 
dimensionality, and (3) vector matching calculation, where term 
(semantic) vectors are compared using an appropriate vector-
based similarity measure. A well-known example of this approach 
is Latent Semantic Analysis (LSA) [8], where Singular Value 
Decomposition (SVD) is applied to the term-document matrix for 
decomposing it, the term weights are computed with the entropy 
weighting function, and the cosine similarity is used to calculate 
vector correspondence. 

We adapt these techniques to learn the semantic similarities of 
contextual conditions from contextually tagged rating data by 
estimating two contextual conditions as similar if they co-occur 
and influence the userV¶ ratings in a similar way. To accomplish 
this task, we generate a "term-document" matrix where terms 
correspond to contextual conditions and documents are the 
domain items. Each element of the matrix stores a weight 
representing the general influence, which can be positive, negative 
or neutral, of the contextual condition on the item rating. The 
influence weight for a specific contextual condition c and item i 

(SÖÜ) is calculated as the average of normalized set of ratings 
associated to the item in the contextual condition, denoted by 4ÜÖ: 

SÖÜ L �Ã :NèÜÖ F >èÜ;åàÔÎ�Ð�ËÔÎ

5

�ËÔÎ�
    (1) 

where NèÜÖ�is the rating of user u for item i in the contextual 
condition c; and >èÜ L �ä E >è E >Ü is the baseline predictor that 
is used to normalize all the item ratings by subtracting the rating 
prediction that does not take into account any contextual condition 
[10]. (ä is the overall rating average, >è is the bias associated to 
the user u; and >Ü �the bias associated to the item i.) Once we have 
generated the condition-item matrix, we reduce its dimensionality 
using SVD. That is, if M is n-by-m, it is decomposed into VU, 
where V is n-by-f and U is f-by-m. The n rows of V model the 
contextual conditions in a f-dimensional abstract factor space (f is 
the selected number of factors.) and the U columns model the 
items in the same f-dimensional factor space. In our 
experimentation, we have obtained the best results by setting f = 
n, when n <= m, and not applying SVD in the other case. We 
believe that this is related to the fact that in general the number of 
contextual conditions (n) is already small, and by using less than n 
factors causes a too large information loss when computing the 
similarities between conditions (M rows). Finally, we use the 
cosine measure to calculate the similarity between the semantic 
vectors of two contextual conditions. 

3. SEMANTICS EXPLOITATION 
The previously described semantic similarities between contextual 
conditions can be exploited to implement a new pre-filtering 
approach. Given a data set of ratings provided by users for items 
in contextual situations, and given a target contextual situation, 
we first extract from the data set the rating data acquired in that 
situation. Then, for each user and item pair for which we miss the 
corresponding rating in the target contextual situation we 
determine if in the data set at least a rating in a similar situation is 
available. If this is the case, we also extract this rating, and finally 
we provide all the extracted ratings to a standard Matrix 
Factorization (MF) model to generate predictions for the still 
missing ratings in that target situation. A convenient threshold 
defines the minimum similarity value for a contextual situation to 
be considered as usable in a target context. We have developed 
two variants of the method: (1) Semantic-Prefiltering-gt, which 
XVHV� D� JOREDO� WKUHVKROG� IRU� DOO� WDUJHWV¶� FRQWH[WXDO� VLWXDWLRQV�� DQG�

(2) Semantic-Prefiltering-dt, which employs a different threshold 
IRU� HDFK� WDUJHW¶V� FRQWH[WXDO� VLWXDWLRQ� We note that using the 
proposed method, when we identify ratings acquired in similar 
contextual situations, it is possible to identify, for a given user and 
item, more than one rating given by that user to that item in 
contextual conditions similar to the target one. In this case, we 
simply average these ratings, in order to generate a unique rating 
for a given user, item and target contextual situation triple.  

4. EVALUATION AND RESULTS 
We have compared the performance of the proposed semantically 
enhanced, contextual pre-filtering approach to two baseline 
techniques: (1) a traditional pre-filtering approach that generates 
rating predictions for a target contextual situation by considering 
only the ratings acquired in that situation; (2) CAMF-CC, a 
context-aware MF approach proposed in [5]. We have considered 
two real-world data sets about music and tourism. Both data sets 
were collected using a web-based interface for simulating 
contextual situations. Table 1 shows the main characteristics of 
the data sets.  
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 Table 1��'DWD�VHWV¶�FKDUDFWHULVWLFV 

Data set ratings users items factors conditions 

Music 4013 43 139 8 26 

Tourism 1679 25 20 14 53 

 

The music data set contains eight contextual factors such as 
driving style, mood and landscape; the tourism one contains 14 
factors such as weather, companion and travel goal. Each factor 
has multiple contextual conditions. (E.g., active, passive, happy 
and sad are possible conditions of the mood factor.) The ratings 
were acquired by requesting the user to imagine a target 
FRQWH[WXDO� FRQGLWLRQ�� H�J��� ³,PDJLQH� WKDW� WRGD\� LV� VXQQ\�� KRZ�

would you rate this song while traveling by car?´�� Kence these 
data sets contain multiple ratings for the same item and user, but 
in different contextual conditions. Moreover, the data sets also 
SURYLGH� WKH� UDWLQJV� DFTXLUHG� ZLWKRXW� VSHFLI\LQJ� WKH� WDUJHW¶V�

FRQWH[W� FRQGLWLRQV�� H�J��� ³+ow would you rate this song while 
traveling by car?́; in which case the rating measures to what 
extent a user likes an item without considering any special 
contextual condition that may hold during the evaluation of the 
item. More details about the rating acquisition of these data sets 
can be found in [3] and [4]. The baseline 2-dimensional rating 
prediction model that we have used in our experiments is the bias-
based MF. Here the rating estimation for user u and item i is given 
by: 

ŅèÜ L ä E >è E >Ü E �MÜ
ÍLè   (2) 

where MÜ is the factor vector of item i, and Lè is the factor vector 
of user u. To learn the model parameters we minimized the 
regularized error using stochastic gradient descent, which has 
been proved to be an effective approach [10]. In our experiment, 
we used the typical values for the hyper-parameters1. With this 
hyper-parameter configuration the model converges within 200 
iterations in both data sets. To measure the rating prediction 
accuracy of the considered models we have employed a per-user 
evaluation schema where, for each user, five ratings were 
randomly chosen as test set to compute the Root Mean Square 
Error (RMSE) and the Mean Absolute Error (MAE). We 
minimized the Absolute loss function when using the MAE and 
the Squared loss function when using the RMSE. In order to 
confidently evaluate the considered CARSs, we only selected as 
testing ratings those provided in contextual conditions in which 
the user rated additional items (at least two, as we found 
experimentally). In addition, initially, we required that all test 
ratings of a user were about items not present in the training set. 
As a result of this data partition, only some users could be finally 
considered for testing (18 in the music data set and eight in the 
tourism data set). The remaining users and ratings were used to 
train the prediction models. We also tried other data partitions, but 
we obtained quite similar results for all of them.  

Table 2 shows the rating prediction performance of the considered 
models in terms of RMSE and MAE in both data sets: 

x User-Item-AVG refers to the non-personalized baseline 
prediction model based only on the user and item biases. The 
estimation function is defined by: ŅèÜ L ä E >è E >Ü ä 

x MF refers to the 2-dimensional bias-based MF model without 
incorporating context (see definition in Equation 2). Multiple 

                                                                 
1 Hyper-parameters: learning-rate = 0.1; num-factors = 100; 

factor-reg. = 0.005; item-bias-reg. = 0.01; user-bias-reg. = 0.03. 

ratings for the same item and user, in alternative contextual 
conditions, are averaged. 

x CAMF-CC is the context-aware MF model proposed by 
Baltrunas et al. [5]. This MF model learns one additional 
EDVHOLQH�SDUDPHWHU� IRU�HDFK�FRQWH[WXDO�FRQGLWLRQ�DQG� LWHPV¶�

category pair. The tourism and music data sets contain 5 and 
10 item categories respectively. In the music domain, 
examples of categories are: Pop, Classical, Rock and Disco. 

x Traditional-Prefiltering is a contextual approach, which, 
similarly to the other approaches compared here, is used 
together with MF and consists of selecting only the ratings 
whose context exactly matches the target context. Then, for 
each target context a MF prediction model is trained using 
the selected ratings. Given that in our data sets there are 
ratings without any particular contextual condition, we use 
them only when no rating is available in the target context.  

x Semantic-Prefiltering-gt is the proposed approach using a 
global, optimal similarity threshold, which is learned from 
the training set by cross-validation. In the music data set it is 
0.36 and in the tourism data set 0.28. Table 3 shows, as an 
example, the top-5 conditions more similar to happy and 
cold, two conditions used in the music and tourism data set 
respectively. Their similarity values are calculated using the 
method presented in Section 2. After having selected the 
rating data, acquired in the target and similar contexts, we 
have built a MF model for each target context. Ratings 
without context were used when no rating in the target or 
similar contexts was available. 

x Semantic-Prefiltering-dt is the proposed semantically 
enhanced pre-filtering approach using a specific similarity 
threshold for each target context (see Section 3 for more 
details). The optimal threshold was selected for each 
contextual situation with cross-validation on the training set. 
The threshold values range between (0, 0.5) in our 
experimentation. The same predictive model used in 
Semantic-Prefiltering-gt was then applied.  

Table 2.Results of considered models in the music and tourism 
data sets. (Values below the non-contextual models are in bold 

and the best of each metric and data set is underlined.) 

Prediction Model 
Music  Tourism 

RMSE MAE RMSE MAE 

User-Item-AVG 1.186 .978 1.193 1.030 

MF .825 .573 1.124 .959 

CAMF-CC .858 .599 .966 .775 

Traditional-Prefiltering .769 .503 .986 .729 
Semantic-Prefiltering-gt .755 .480 .944 .673 
Semantic-Prefiltering-dt .791 .483 .988 .715 

Table 3. Top-5 similar contextual-conditions to the condition 
happy (music data set) and cold (tourism data set). Their 

semantic similarities are enclosed in parentheses. 

Happy Cold 

urban (0.44) cloudy (0.84) 

awake (0.42) working-day (0.81) 

relaxed driving (0.30) rainy (0.79) 

coast line (0.29) winter (0.75) 

serpentine (0.17) night-time (0.71) 
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In the music data set, MF is clearly better than User-Item-AVG, 
with an improvement of 41% (p<0.001) for MAE and of 30% 
(p<0.001) for RMSE. The performance of MF is further improved 
by all the contextual pre-filtering approaches. Traditional-
Prefiltering achieves an improvement of 12% for MAE (p=0.28), 
and of 6.7% for RMSE (p=0.86), but this improvement is not 
statistically significant.  

Conversely, Semantic-Prefiltering-gt is the best model achieving a 
significant improvement of 16% for MAE (p=0.03), but not for 
RMSE (8.2% with p=0.6). Semantic-Prefiltering-dt performs 
worse than Semantic-Prefiltering-gt and, in terms of RMSE, even 
than Traditional-Prefiltering. 

The performances of the tested context-aware approaches in the 
tourism data set are quite similar to those illustrated above for the 
music data set. But the improvements achieved in this case are 
considerably more significant. MF slightly improves the 
performance of User-Item-AVG (6.9% in MAE with p=0.05 and 
5.8% in RMSE with p=0.46). 

All the contextual pre-filtering approaches improve the 
performance of MF and even in this case the semantically-
enhanced variants are clearly the best approaches in terms of 
MAE. Traditional-Prefiltering achieves an improvement of 24% 
for MAE (p=0.02) and of 12% for RMSE (p=0.05) with respect to 
MF. Semantic-Prefiltering-gt is again the best model with an 
improvement of 16% for RMSE (p=0.03) and 30% for MAE 
(p=0.01). Again, results of Semantic-Prefiltering-dt are worse 
than Semantic-Prefiltering-gt¶V ones.  

Comparing the semantically-enhanced pre-filtering variants with 
CAMF-CC we can see that both of them are better (above all in 
terms of MAE): CAMF-CC achieves an improvement of 19% for 
MAE and of 14% for RMSE with respect to MF in the tourism 
data set, while in the music data set CAMF-CC is worse than MF. 
These results are not the same as reported in [5] for the same data 
sets; we believe that these differences are due to the different 
composition of the training and testing data. 

5. CONCLUSIONS AND FUTURE WORK 
In this paper we have presented a novel recommendation 
approach that overcomes the major limitation of contextual pre-
filtering, i.e.: using only user data acquired in the target context 
when the system is requested to make a recommendation in that 
target situation.  

Our solution relies on the identification and usage of ratings 
acquired in contextual situations that are similar to the target one. 
We have introduced a novel notion of similarity among contextual 
conditions that is based on how similarly two different contextual 
conditions DUH�LQIOXHQFLQJ�WKH�XVHUV¶�UDWLQJ�EHKDYLRU�� 

The experimental results on two contextually tagged ratings data 
sets show that the proposed pre-filtering approach, concretely the 
variant Semantic-Prefiltering-gt that uses a global similarity 
threshold, outperforms a traditional pre-filtering one and a state-
of-the-art model-based approach. 

In a future work we plan to further test the proposed approach on 
larger data sets. Furthermore, we will investigate alternative 
methods for acquiring the semantic similarities among contextual 
conditions; for instance, by generating a condition-user matrix 
instead of the condition-item matrix we presented here.  

In addition, we will carry out a more extensive comparison of the 
proposed approach and other state-of-the-art model-based 
approaches, like the one proposed by Karatzoglou et al.[9], based 

on tensor factorization. Similarly as in our approach, this work 
also employs a latent factor representation of contextual 
information, but differs in how this representation is obtained and 
exploited during model learning. 
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