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Abstract: With the unprecedented expansion of the Internet, data overloading has become an increasing
problem for retrieving useful information from internet. Users searching for products or content have endless
number of Web pages to navigate and require enormous efforts, requires judgmental aptitude and intuitiveness
to extract meaningful information from the enormous data. Context aware Recommender systems are meant to
be an important solution to the data overload and skewed information problem that persists today in World
Wide Web. One of the major challenges in the context aware recommender system is the selection of relevant
contexts. The selection of a few most relevant contexts are important for accuracy in the recommender output,
as irrelevant contexts decreases the accuracy of recommender output and also increases the computational
complexity. There are various methods used for relevant context selection. Principal Component Analysis (PCA)
has the advantage of dimensionality reduction that makes data processing efficient. Although PCA cannot be
directly used for context selection, PCA can be used to extract the principal components those are linear
functions of original contexts. In this paper, we propose an approach that does weighing of original features
(contexts) from the principal components to determine the most relevant contexts. This approach is
advantageous in terms of computational complexity due to dimensional reduction. 
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INTRODUCTION of recommender system relies  on  rich  content

Recommender  system  is  one  of   the   most items may be products or services. A content-based
important  innovation  and  solution  towards   solving movie recommender system will typically operate on
the data  overload  problem   and  provides  personalized information such  as  actors,  directors,  category of
suggestions to the  end  users.  Recommender  system movie (action, drama etc), producers and so on. This
has been a very active area of research both in industry information will be checked against the predefined
and academia in the recent years. There are many different preference of a user to determine the movie to be
types and uses for recommender systems. The recommended to the user. This type of recommender
recommended items can range from online-shopping system requires a lot of information processing pertaining
products, to a suggested course for a student, or a to each   item details. Also it requires the availability of
particular kind of medical care / doctor for a patient. each item description. Collaborative filtering based
Recommender systems use various types of information recommender system uses a different approach. It is
to generate a recommendation, such as, past purchase based on the observation that in real life scenario, people
records, click stream analysis, user profiles, explicit ratings typically rely on the friends who have similar taste or
of items, or social network information. Recommender preferences. It is built on the assumption that a possible
systems use various methods to process the input data way to determine interesting content for a user, is to find
and output recommendations to the user. The other users who have similar interest and then recommend
recommender  systems  are  broadly  categorized  in to item that those similar users liked. Collaborative filtering
two types: Content based and collaborative filtering. also has major shortcomings. A major problem with
Content based recommender systems operate by traditional collaborative filtering based recommender
comparing description of recommendable items. This type system is data sparseness.

description of items  those  are being recommended. Here
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The usability of recommender system in practical of the recommender system. For example, in a movie
scenarios is mainly restricted because of the poor recommender, “companion” plays an important role where
accuracy. In spite of these improvements in traditional as “currency fluctuation” does have very little impact and
recommender system, the accuracy of recommender hence can be ignored. 
output is still below practical useable threshold in many
real life scenarios. Context based recommender system Principal Component Analysis: Analysis of multivariate
makes use of context information and context based data plays a vital role in data analysis. Multivariate data
knowledge in order to determine personalize consists of many different attributes or variables recorded
recommendation to a particular user in a given context. for each observation. If there are p variables in a database,
One of the major challenges in context aware each variable could be regarded as constituting a different
recommender system is the identification of relevant dimension, in a p dimensional hyperspace. As given in [2],
contexts for data processing. This reduces the multi-dimensional hyperspace is often difficult to visualize
computational complexity and increases the recommender and thus the main objectives of unsupervised learning
output accuracy. In this paper, we propose a noble methods are to reduce dimensionality, scoring all
approach to select important context information and observations based on a composite index and clustering
ignore the unimportant contexts using Principal similar observations together based on multi-attributes.
Component Analysis. Summarizing multivariate attributes by, two or three that

Context Aware Recommender System: Context aware information is useful in knowledge discovery. Because it
recommender system takes into consideration contextual is difficult to visualize multi-dimensional space, principal
information, such as time, place and company of other components analysis (PCA), a popular multivariate
people (such as watching a movie with friend or family technique, is mainly used to reduce the dimensionality of
etc) along with user and item. Contextual information multi-attributes to two or three dimensions. PCA
plays a very key role towards enhancing the accuracy of summarizes the variation in a correlated multi-attribute to
recommender system. For example, using the temporal a set of uncorrelated components, each of which is a
context, a travel recommender system would provide a particular linear combination of the  original  variables.
vacation recommendation in the winter that can be very The extracted uncorrelated components are called
different from one in the summer. As given in [1], these principal components (PC) and are estimated from the
findings are in line with the findings in behavioural eigenvectors of the covariance or correlation matrix of the
research in consumer decision making. Therefore, original variables. Therefore, the objective of PCA is to
accurate prediction of consumer preferences depends on achieve parsimony and reduce dimensionality by
the degree to which the recommender system incorporates extracting the smallest number components that account
the relevant contextual information. There are various for most of the variation in the original multivariate data
types of contextual information such as time, location, and to summarize the data with little loss of information In
social companion, mood etc. those may be relevant. There PCA, the extractions of PC can be made using either
are different types of context aware recommender system; original multivariate datasets or using the covariance or
these are pre-filtering, post filtering and context modelling. the correlation matrix if the original dataset is not
The incorporation of irrelevant context information makes available. In deriving PC, the correlation matrix is
the decision system very inefficient and also inaccurate. commonly used when different variables in the dataset are
That is why, it is extremely important to isolate and find measured using different units or if different variables
out the relevant context information and ignore the have different variances. Using the correlation matrix is
irrelevant ones. As described in [2], in the context aware equivalent to standardizing the variables to zero mean and
recommender system, the main challenge is to select the unit standard deviation [3].
relevant contextual variables from the large amount of The paper is organized as follows, section II discuses
contextual information available. There are numerous related works. Our proposed approach on context
features associated with an entity, only the relevant selection is presented in section III. In Section IV, outline
features to be taken into consideration. Irrelevant context of the experimental setup and results is given. Finally,
information act as noise and can degrade the performance conclusion of the paper is given in section V. 

can be displayed graphically with minimal loss of
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Related work: In recent years, there is lot of reach done in Steps in Calculating Principal Components: 
the area of Context Aware Recommender System. In [1],
the concept of Context Aware Recommender System Calculation of adjusted Dataset A
(CARS) is described, various approaches to context Calculate Co-variance matrix, C, from Adjusted Data
information modelling is also outlined. [2] outlines the Set, A
importance of relevant context information, also describes Calculate eigenvectors and eigenvalues of C.
the relevant context selection using bayes classifiers and
SVD. Relevancy assessment from user survey and the Let Y  be the principal components 
relevancy detection with statistical testing is given in [3].
The same dataset LDOS-CoMoDa is used in our work Y = a X  + a X + a X + a X + ……….+ a X
also. In [4], importance of relevant context selection is Y = a X  + a X + a X + a X + ……….+ a X
given along with the usage of statistical method for the Y = a X  + a X + a X + a X + ……….+ a X
same. The application of Singular value decomposition in Y = a X  + a X + a X + a X + ……….+ a X
recommender system is given in [5]. Feature selection
using weighted principal components is described in [1]. The extracted features, PCi’s (Yi) are each a linear
The literature describes the various concepts associated combination of the original features with the loading
with CARS along with the importance of relevant context values (a , i, j=1,2,…,p). The loading values represent the
detection. None of these however explores the usages of importance of each feature in the formation of a PC. For
principal component analysis for relevant context example, aij indicates the degree of importance of the jth
selection in the domain of CARS [6]. feature in  the  ith  PC. A two-dimensional loading plot

(e.g. PC1 vs PC2 loading plot) may provide a graphical
Proposed Approach: This section presents the proposed display for identification of important features in the first
method that uses PCA for selection of relevant contexts. and second PC domains. However, the interpretation of a
This approach is based on feature selection using PCA. two-dimensional loading plot is frequently subjective,
One of the major challenges associated with high- particularly in the presence of a large number of features.
dimensional data is to identify a subset of relevant Moreover, in some situations, consideration of only the
features of interest. It is important to distinguish between first few PCs may be insufficient to account for most of
feature selection and feature extraction, although much of the variability in the data. Determination of the
the literature fails to clearly distinguish between them. appropriate number of PCs (=k) to retain can be
Feature selection is a process to select a subset of original subjective. One can use a screen plot that visualizes the
features and feature extraction creates new features proportion of variability of each PC to determine the
through the transformation of the original features. appropriate number of PCs. If a PCA loading value for the
Widely used feature extraction methods include principal jth original feature can be computed from the first k PCs,
component analysis (PCA). PCA is an unsupervised the importance of the jth feature can be represented as
feature extraction method in that the process depends follows:
solely upon the input variables and does not take into
account information from the output variable (Jolliffe, W =  |a | , j = 1,2,3,......p............................(i)
2002). In general, the first few transformed features
obtained from PCA suffice to provide useful information where k is the total number of features of interest and
in the original data. However, because these reduced represents the weight of ith PC. The typical way to
dimensions from PCA are linear combinations of a large determine is to compute the proportion of total
number of original features, their interpretation cannot be variance explained by the ith PC. Hence this can be
readily made and the extraction of meaningful information calculated directly from the eigen values. W can be called
is cumbersome. a weighted PC loading for the feature j.

Interpretation problems posed by the transformation
process in PCA can be overcome by using feature Our Proposed Algorithm for Context Selection:
selection methods that simply pick the subset of original Step 1: We calculate the covariance matrix / correlation
features. co-efficient matrix of standard matrix or adjusted matrix

i

1 11 1 12 2 13 3 14 4 1p p

2 21 1 22 2 23 3 24 4 2p p

3 31 1 32 2 33 3 34 4 3p p.

p p1 1 p2 2 p3 3 p4 4 pp p

ij

j i=1 ij i
k

j
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using the original dataset. We then solve all the DominantEmo : Sad, Happy, Scared, Surprised, Angry,
eigenvectors  and  eigenvalues  of   the    correlation Disgusted, Neutral
matrix Mood : Positive, Neutral, Negative

Step 2: We select the eigenvectors corresponding to the Decision : User decided which movie to watch,
first m largest eigenvalues and denote these eigenvectors User was given a movie
by V  ,V ...V  , respectively. Interaction : First interaction with a movie, n-th1 2 m

Step 3: We calculate the contribution Wj, to the feature
extraction result, of the jth feature component. The tool used for our work is WEKA v3.6.10. The

Step 4: We sort the Wj in descending order. GUI based explorer is used.

Experimental Setup and Results: A real dataset is used in By applying PCA, we find the following:
the  experiment.  One  of  the major challenges of doing
any  experiment  with  CARS  is to get a real dataset. Co-relation Matrix:
LDOS-CoMoDa is used as the dataset for our experiment.
The Dataset consists of 2296 entries in total. Dataset
consists of movie ratings. For our experiment, we have
considered all the instances with rating 5. This reduces
the dataset to 721 entries. The following are the context
variables used in the dataset: 

Time : Morning, Afternoon, Evening, Night
Daytype : Working day, Weekend, Holiday
Season : Spring, Summer, Autumn, Winter
Location : Home, Public place, Friend's house
Weather : Sunny / clear, Rainy, Stormy, Snowy,

Cloudy
Social : Alone, My partner, Friends,

Colleagues, Parents, Public, My family
EndEmo : Sad, Happy, Scared, Surprised, Angry,

Disgusted, Neutral

Physical : Healthy, Ill

interaction with a movie

excel file is converted in to csv format and then WEKA

10.28 0.4 -0.05 -0.03 0.43 0.34 0.53 0.39 0.44 0.11 0.46
0.28 1 0.17 -0.05 0 0.26 0.28 0.31 0.5 0.25 0.14 0.33
0.4 0.17 1 -0.05 -0.05 0.31 0.2 0.27 0.2 0.27 0.08 0.3
-0.05 -0.05 -0.05 1 0.61 0.08 -0.03 0.1 0.03 0.02 0.32 -0.05
-0.03 0 -0.05 0.61 1 0.12 -0.02 0.15 0.06 0.02 0.27 0.03
0.43 0.26 0.31 0.08 0.12 1 0.52 0.49 0.42 0.37 0.25 0.55
0.34 0.28 0.2 -0.03 -0.02 0.52 1 0.4 0.37 0.38 0.2 0.52
0.53 0.31 0.27 0.1 0.15 0.49 0.4 1 0.4 0.48 0.18 0.49
0.39 0.5 0.2 0.03 0.06 0.42 0.37 0.4 1 0.38 0.21 0.45
0.44 0.25 0.27 0.02 0.02 0.37 0.38 0.48 0.38 1 0.19 0.45
0.11 0.14 0.08 0.32 0.27 0.25 0.2 0.18 0.21 0.19 1 0.22
0.46 0.33 0.3 -0.05 0.03 0.55 0.52 0.49 0.45 0.45 0.22 1

Eigenvalues Proportion Cumulative
4.18212 0.34851 0.34851
1.83054 0.15254 0.50105
0.99299 0.08275 0.5838
0.85052 0.07088 0.65468
0.76931 0.06411 0.71879
0.68596 0.05716 0.77595
0.54236 0.0452 0.82115
0.48971 0.04081 0.86196
0.46519 0.03877 0.90073
0.43048 0.03587 0.9366
0.3929 0.03274 0.96934

Eigen Vectors:
V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11

0.3417 0.1299 0.2887 0.2394 -0.1051 0.1368 0.5129 -0.1105 0.2226 0.5326 0.2809 location
0.2599 0.0802 -0.5992 0.4572 0.0945 -0.126 -0.0304 0.4828 -0.0343 -0.0186 0.3028 weather
0.2289 0.1371 0.5351 0.3969 0.5176 -0.2758 -0.3029 0.0728 0.0115 -0.0748 -0.1943 social
0.0324 -0.6405 0.0944 0.1178 -0.0825 -0.0667 -0.1167 -0.0212 0.2933 0.1107 0.0426 endEmo
0.0554 -0.6183 0.0595 0.1525 -0.227 -0.2247 -0.1173 0.057 -0.2658 0.1495 0.013 dominantEmo
0.363 -0.0491 0.0936 -0.2898 0.0079 -0.3824 0.12 -0.2458 0.0271 -0.5074 0.5418 decision
0.3285 0.0656 -0.1042 -0.5344 -0.0073 -0.2523 -0.2291 0.3094 0.4698 0.3066 -0.209 interaction
0.3611 -0.0486 0.1431 0.0817 -0.3722 0.1234 0.3638 0.3242 -0.0041 -0.453 -0.4911 time
0.3344 0.0062 -0.4248 0.235 -0.0076 -0.0133 -0.1062 -0.6912 0.1668 -0.0256 -0.3581 season
0.3268 0.0369 0.1437 -0.0088 -0.2067 0.6467 -0.5734 0.0191 -0.0019 -0.0917 0.2626 daytype
0.1746 -0.3875 -0.132 -0.2261 0.6869 0.4237 0.2766 0.0563 -0.041 -0.0512 -0.0457 mood
0.3741 0.069 -0.0135 -0.2372 -0.0208 -0.1067 -0.0342 -0.057 -0.7359 0.3278 -0.1099 physical
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Six eigen values are considered as they together contribute 77% of the total variations. Hence the six PCs are:

Ranked attributes/PCs:
0.6515 0.374 physical+0.363decision+0.361time+0.342location +0.334season + 0.329 interaction + 0.327daytype + 0.26weather + 0.229social +

0.175mood + 0.055dominantEmo+0.032endEmo
0.4989 -0.641endEmo-0.618dominantEmo-0.388mood+ 0.137social+ 0.13location+ 0.080weather+ 0.069physical + 0.066interactions-0.049decision-

0.049time+0.037daytype+0.006season
0.4162 -0.599weather+0.535social-0.425season+0.289location+0.144daytype+0.143time-0.132mood-0.104interaction + 0.094endEmo + 0.094decision

+ 0.06dominantEmo-0.014physical
0.3453 -0.534interaction+0.457weather+0.397social-0.29decision+0.239location-0.237physical+0.235season-0.226mood + 0.153dominantEmo +

0.118endEmo +0.082time-0.009daytype
0.2812 0.687mood+0.518social-0.372time-0.227dominantEmo-0.207daytype-0.105location+0.095weather-0.083endEmo-0.021physical+0.008decision-

0.008season-0.007interaction
0.224 0.647daytype+0.424mood-0.382decision-0.276social-0.252interaction-0.225dominantEmo+0.137location-0.126weather+0.123time-0.107physical-

0.067endEmo-0.013season

Hence using equation (i), we calculate the W , j = 1,2,…,12 identifying important features in high-dimensionalj

Weightage of ‘location’ (W ) 0.19441

Weightage of ‘weather’ (W ) 0.19812

Weightage of ‘social’ (W ) 0.22333

Weightage of ‘endEmo’ (W ) 0.13474

Weightage of ‘dominantEmo, (W ) 0.15695

Weightage of ‘decision’ (W ) 0.18456

Weightage of ‘interaction’ (W ) 0.18597

Weightage of ‘time’ (W ) 0.18168

Weightage of ‘season’ (W ) 0.17049

Weightage of ‘daytype’ (W ) 0.182210

Weightage of ‘mood’ (W ) 0.215411

Weightage of ‘physical’ (W ) 0.166112

From the above table, we find that W , W , W , W3 11 2 1

are the top 4 context variables. Hence from the total of 12
context parameters, we find out the top 4 contexts and use
the same for CARS. We determine the weightage of each
of the context variables while using the same in the CARS.

CONCLUSION

We have presented a new method of selecting
relevant contexts for recommender system, here we have
used unsupervised feature selection for identification of
important features in high-dimensional datasets. The
proposed method combines PCA techniques and a
weighing method. We first obtained the weighted PC,
which can be calculated by the weighted sum of the first
k PCs of interest. Each of the k loading values in the
weighted PC reflects the contribution of each individual
feature [7]. Although all of the existing unsupervised
feature selection methods performed reasonably well
within the limits of the situations for which they were
designed, no consensus exists about which of them best
satisfies all conditions. Moreover, most of the methods
require a high computational load because they involve
an extensive search procedure such as the forward
selection or the backward elimination. Consequently, the
methods based on a search algorithm are not relevant for

dataset, often encountered in various applications in
these days. The proposed method belongs to the filter
category and is computationally efficient and easy to
implement [8]. The discussed approach to context
selection using PCA can be applied to a further higher
dimensional dataset for efficient context selection [9-18].
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