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ABSTRACT

The last few years have seen an increased interest
incorporating context within recommender systemaweler,
little empirical evidence has emerged to suppagtpghtemise that
context can actually improve recommendation acquraaeed
little agreement exists as to what represents dmeegt of a user
or indeed how such context should be used within
recommendation strategy. In this paper we studyeffiect of
incorporating contextual variables, both observadie derived
from past user behavior, on the accuracy of a coni@sed
recommender system. The system was evaluated dabagfrom
an Italian online retailer. Results suggest a S§iganit
improvement in performance when using contextugahtées.
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1. INTRODUCTION AND PRIOR WORK

Personalized offers for individual customers argcied for many
kinds of businesses because they enable companges\ice the
unique needs and preferences of individual custent@ip them
build customer loyalty and finally increase theimpetitiveness
in the marketplace. A recommender system (RS) is
personalization system that help users to find stesh interest
based on some information about their historicafgrences.

Various classifications of RS have been propose8l.[R1ost
of these systems focus on recommending items s lsesed on
customer’s historical preferences (either explicitated or
implicitly through purchases) and other availabiadon users
(such as demographics) and items (such as conésotiptions).
These recommendation strategies are usually based
collaborative filtering [14], content-based filleg [13] or a
combination of these two methods [6].

Collaborative Filtering recommends products basadtle
similarity of the preferences of a group of custmnknown as
neighbors. The assumption is that users that hadecommon
interests in the past, defined by feedback on iteomsumed, will
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have similar tastes in the future. Content baskerifig systems

have their roots in information retrieval [5] andfdarmation

filtering [8] research. The approach is based adotire analysis

of items previously rated by a user and generaipgofile for a

user based on content item descriptors. It is iiseamputed by

extracting a set of features from items rated nesly by the user
and is used to determine the appropriateness ofitéme for
recommendation to the user. It can be varied alassification
problem. There has already been a work that

recommending as a classification task [7].

RSs traditionally operate on a user-item matrix. ths user
enters new ratings or makes new purchases, their prsfile is
updated by simply adding the new information to therent
rating vector for the user. This additive approszimodeling the
user simply ignores the notion of “situated actfofi%], that is,
the fact that users interact with systems withinpaticular
“context” and ratings for items within one contemtay be
completely different from the rating for the itenitlin another
context. It is therefore not surprising that sterid inappropriate
recommendations abound, such as the male custonyangba
pregnancy book from Amazon.com as a present, pensis
receiving recommendations on pregnancy relatecc$ofdio]. In
fact, several studies have maintained that a change context
makes the behavior of a customer change [9]. Noygmdihe
variability of customer decision-making process rdases the
capacity to predict their behavior. Furthermoreisitdifficult to
identify a contextual variable that affects theghasing behavior
of all customers in the same way. This is morddlift on-line.

a Recent experimental research on customer modeliag
proved that including contextual information in astomer’s
behavior model can increase predictive accuracy]. [By
considering contextual information, the customeansactions
pertaining to a particular context become more tgenous,
making it easier to predict customer behavior naeurately in
similar contexts. Adomavicious et al. [1] showeattincluding
the context in which transactions occur in a mittighsional

o0 model improves the ability of recommending itemsusers. As

opposed to the use of explicit contextual varigbksand and
Mobasher [4] suggested the use of implicit contalitues to
retrieve relevant preference information from arisstong term
profile and use it in conjunction with the infornmat stored in the
short term profile, generated within the currerteiaction, for
generating recommendations.

One of the main criticisms of contextual approaclies
recommendation is the reduction in the amountabé @vailable
for learning each of the contextual model. Therkesce a belief
that the advantage gained in incorporating conigtxtin the user
model will be offset by the increased sparsity fté tontextual
data. This is further exacerbated by the multidishamal
representations of context. In this paper, we stildy effect of
incorporating contextual variables, both observednd derived
from past user behavior, on the performance of exinbased

treated



RSs. In particular, we evaluate which contextualae affects
more the performance. Given a set of users, eatth avset of
transactions, first we consider the whole datalzawt then we
cluster the users based on the interactions betwibeir
contextual variables in order to understand whetlibe
performance improves. We then build models aimestlgcting a
subset of items relevant tocastomer that presents himself at the
e-tailors store displaying a certain context touigst. The models
are built for each context identified and for eatister of users.
In addition to the context, these models incorpoitgm features.
We experiment with two different approaches to dbswy items
based on structured and unstructured data.

2. PROBLEM FORMULATION

We are given a set af users,U. The users transact with an e-
tailer, purchasing itemd, Each itemi; may have a structured
description based on a set sfattributes {ajiay,...,ia}, that
describe its characteristics such as Super_CateBoige, Brand,
etc or an unstructured textual description whichn che
transformed into a standard vector space modellaeve for
information retrieval. LeT represent the set of transactions by the
users where each transaction is said to have besducted
within a context ki K, the set of contexts. The context itself is
defined by a set of contextual attributes{kay,...ka}.

Given a user, 4l that presents himself at the e-tailer's store,
we would like to be able to accurately predict shibset of that
would be candidates for purchase by the user. ®oethd, data
pertaining to the set of transactiong, donducted by the user, u
in the past, is used to build a user preferenceeintizt is then
used to recommend items, not currently consumed,bd typical
example of such a user preference model is thatrgeed by a RS
in the form of a rating functiongrl ® [1,R], specific to a user
(or set of users). Alternatively, content based et@dnay learn a
function, | ® [0,1], where each item is mapped onto a
likelihood of purchase by the customer (or groupca$tomers).
We refer to this model as thancontextual modeln addition to
the users transactions, the preference model ntaygorate item
attributes (descriptions) as is the case in corianed filters.

In the presence of context, we suggest that thrigtsea
separate preference model for the user within eacttext. The
transactions of the user are further partitionetb isets of
contextual transactions,,,J based on each context, kvithin
which the user has transacted with the e-taileis Tésults in a
reduction in the amount of data available for lgagreach of the
contextual preference models which has a derogafitegt on the
accuracy of the function learned. To address thablpm we
opted to build aggregate user profiles insteadndfvidual user
profiles. There has been work on learning aggrepatéles for
recommenders [11], that builds profiles that caplyamcross
groups of users who may have similar interestshis paper, we
build a classifier not on individual purchase dai# on purchase
data from subsets of users. We achieve this byering users by
their transactional behavior. The transactionalaver of a user
is represented by a binary vector of size k(k-lyvBere k
represents the number of contextual variables mneadel. Each
element of the vector contains a 1 or a O for epalr of
contextual variables depending on whether the phirariables
are independent of or dependent on each other.eThemry
vectors are clustered to produce a set of clusteusers that are
affected by the same contextual variables in simiays. For
each cluster, we now have a set of “contextua¢stand for each

of them, we build a model that predicts the likebld of a product
being purchased by customers within that contelies€ models
are built by using only the products purchased ustamers in a
particular context and cluster. Each group prefezemodel is
defined as a functiongf: | ® [0,1] that map each item in | to the
probability of it being purchased by a customethimitthe cluster
and within the given contextual statg &or each cluster, the
contextual model that gives the best performanceselgcted.
Alternatively, if the performance of the un-contgedt model is
significantly better than that of the contextual debwe can
assume that for that cluster no contextual statelévant.

3. EXPERIMENTAL SETUP

The experiments were conducted using a datasetdrohalian e-
commerce portal which specializes in selling etautr products.
The data consists of 108,238 transactions madeelkat2001 to
2007 and carried out by 32,429 customers. Thebates included
in the dataset are: customer's ID, age, date ofstragion,
transaction date, product purchased, product biamdiuct price,
product category, purchased quantity, form of paymé&he item
table is composed of 14,955 items and the attribinteluded are:
ID, Super_Category, Category, Big and Small Desionpof the
item, Big and Small Photo, Price and Brand. Furtieee, each
item has an associated small and big textual qe&mmi where its
characteristics such as color, size, shape, etcdescribed. To
compare the contextual and un-contextual approaches
conducted experiments across the following expanaieettings:
1) Context Model, 2) Baseline Model, 3) Clustefsltdm profiles
and 5) Classifiers and Evaluation Metrics.

1. Context ModelWe defined five contextual variables:
- Time of dayTime of the day a customer makes a transaction.
- Time of yearTime of the year a customer makes a transaction.
- WeekdayDay of the week a customer makes a transaction.
- Super_CategorySuper Category of a product purchased.
- Price_Sensitivity Analysis of the transactional data suggested
that there was a strong negative correlation betweme since
the first purchase of a product” and the user piocehe product.
This isn't that surprising as an “early adopter” “eechnology
enthusiast” would want to buy a new product withantich
consideration to price whereas a “laggard” woulttéo be more
price sensitive. Clearly the price sensitivity ofuaer may be
dependent on other factors. This suggested a newextaal
variable, R;, that could be derived from the transactional dasa
defined below:
_ PD, -FPDate

Lifetime,
where, Lifetimeg is the time elapsed between the first and last
purchase of a item,iPD; is the time of the purchase gfim
transaction;tand FPDates the date of the first purchase pfli
the expected value of PSor customer pis close to one, the
customers can be classified as price sensitive ugeche/she
usually makes a purchase at the end of productyitée when the
price is lower. If it is close to zero the customean be classified
as not price sensitive. The same customer may shadifferent
behavior in different times of day, periods of gfear and days of
the week or depending on Super_Category of propunthased
and sensitivity to price. For instance, if the extaal variable is
Time of daythe customer can purchase more products in egenin
because he/she has more time to decide and lesg dloe rest of
the day.
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2. Baseline ModelAs our experiments are aimed at showing

the value of contextual recommendation, we used ltaseline
un-contextual and contextual models:

- A model built for the entire user base (Whole_Dipresenting
the non-personalized, un-contextual predictive rhoWée also
built a set of baselineontextualmodels that were built on the
entire user base but incorporated the contextdatrimation, i.e.
we built a separate model for each of the contéxétetes as
defined above but assuming all users belong tochrger. In this
case, we recommend the same items for all custoraeds
therefore, we do not personalize the offerings.

- A model for each cluster, personalized to a grofupustomers,
but ignoring all contextual information. We alsoilba set of
contextual models, for each cluster as describ&mhbe

3. Clusters A simple model of context would assume that all

contextual attributes are independent of each otHemwever,
interactions between the contextual variables mast end not
accounting for these can have a derogatory effethe predictive
accuracy of the contextual model. On the other efidhe
spectrum, we can assume that no independenceorelhaip exists
between the contextual attributes. However, thialditead to the

generation oP |ca| partitions of the user base, leading to sparsity

in the training data set. In this study we tookfiddle ground of
allowing for pairs of contextual variables to irget. Each user in
the customer base was represented by a 10 dimahsieator,

each dimension corresponding to a pair of conté&xttaibutes

and assigned one of two values {IND, DEP} dependomy

whether they were independent or dependent of etler. The

Chi-Square test at 95% confidence was ueetktermine whether
a given pair of contextual attributes was indepebdénot. These
customer vectors were then clustered. Of the alidéarned, 10
clusters were deemed to have a sufficient numbéraoEactions
for further analysis (Table 1).

Table 1. User base, clusters, contextual attributdependency

description. These are used as independent vesialue a
classifier learned to predict the likelihood of gluase of the item
by the user (or group of users).

5. Classifiers and Evaluation MetricsThe Weka classifier
[16] that was used for building predictive modek Cost
Sensitive that reweights training instances acogrdo the total
misclassification cost assigned to each class.bBEse classifiers
that we used were J48 and JRIP for the modelsaieaithe item
attributes as independent attributes, and we usaideNBayes
Multinomial for the models that used the unstroetu item
description as the independent attribute, as thiweNBayes is
known to perform well in text classification task$e predictive
power of the models was evaluated via two perforaan
measures: percentage of correctly classified ies&ithumber of
correctly classified instances among all cases,)Ca&id True
Positive rate (number of the items purchased thatpaedicted
correctly, TP_rate). Ten fold cross validation wased to estimate
the performance of the models.

4. RESULTS

In this section we present the results of the efééccontext on
RSs across all the experimental conditions. Theigito analyze
experimentally under which conditions a contextuRlS
outperforms the un-contextual. In particular, thsults show that
the contextual RS almost always performs bettem thiae
traditional RS for both approaches used. Table &h(hb) reports
the contextual model that gives the best perfooman terms of
both CCl and TP_rate for J48 and JRIP in the chseitem
models include the attributes and for Bayes Multira in the
case the unstructured text descriptions for thastevere used as
independent variables. In particular, for both agghes used the
contextual models are built by using only the pidpurchased
by customers in a particular context and clustéreré&fore, for
each cluster we compared the performance of tleeddntextual
models with each other and selected the best.

Table 2. Contextual attributes with the best perfomance
(@

Context that gives the best CCI Context that gives the hest TP_rate

Depend z _ Size
Users Tr
Whole DB None 32429 108,238
Cluster_1 None 20627 27.850
Cluster_2 {Time of Day, Time of Year} 1,001 7,399
Cluster 3 {Time of Day, Weekday} 113 2.665
Cluster_4 {Time of Year, Weekday} 361 PETT)
Cluster_5 | {Time of Year, Super Category} 279 1,942
{Time of Year, Week: ’
Cluster_6 {Time of Da Feekdav}, 244 1,936
{Time of Day_ Time of Year}
Cluster 7 |{Price Sensitivity, Super_Category} 98 1,110
Cluster § | {Time of Day, Super_Category} 194 1,157
Cluster_9 {Super_Category, Weekday} 132 862
Cluster_10 | {Time of year, Price Sensitivity} 80 759

4. Item profiles The next task was to build a classifier for the
whole customer base and for each cluster to prediether an
item would be purchased by a user within the whlaliabase and
the cluster or not. We considered two different rapphes to
describe items based on structured and unstructlatd In the
first case, the independent attributes that desdrdm item were
Super_Category, Category, Price, Big and Small fygtsan, Big
and Small Photo and Brand. In the second casejugchsted text
descriptions for the items were used as the inddgpanvariables.
These texts were converted into a bag of wordsessmtation,
with stop word removal, and the using the top 250ds selected
based on document frequency. Hence each item wassented
as a vector of 250 dimensions with values indicptite
occurrence count of the corresponding word withie item

48 JRIP J48 JRIP
Whole DB Super Category Super_Category Super Category Supet_Category
Cluster 1 Super Category Super_Catezory Super_Category Super_Category
Cluster 1 Super_Category Price_Sensifivity Super_Category Super_Category
Cluster 3 Super Category Super Catesory Super Catepory Super Category
Cluster 4 Super Category Super Category Super Category Super Category
Cluster § | Time of YearSuper Category | Time of YearSuper Category | Time of YearSuper Category Time of Day
Cluster § Super_Category Time of YearWeekday Super_Category Super_Cafegory
Cluster 7 [Price Sensitivity/Super Category] Weskday [Price_Sensitivity/Super Category|Price Sensitivity/Super Category
Cluster 8 | Super Category/Time of day Price_Sensitivity Super_Category/Time of day ‘Time of Year
Cluster 9 |  Super_Category/ Weekday Time of Day Super_Category/Weekday Price_Sensitivity
Cluster 10 Super Category Super Category Super Category Weekday
(D) [ Context that gives the best CCI_[Context that gives the best TP rate]
Naive Baves Multi ial Naive Baves Multi ial

Whole DB Super_Category Super_Category

Cluster_1 Super_Category Super Category

Cluster_2 Super_Category Super_Category

Cluster_3 Super_Category Super_Category

Cluster 4 Super_Category Super_Category

Cluster 5§ Time of Year/Super Category Time of Year/'Super Category

Cluster_§ Super_Category Super_Category

Cluster_7

Price_Sensitivity/Super_Category

Price_Sensitivity/Super_Catezory

Cluster §

Super Category/Time of day

Super_Category/Time of day

Cluster_9

Super_Category/Weekday

Super_Category/Weskday

Cluster_10

Super_Category

Super Category




The contextual model that provides the best pedioce for the
whole database and almost any clusters is eithperSCategory
or the one that is composed of dependence of SGp&Egory
with other contextual attributes, when we use J48 &aive
Bayes Multinomial. The result depends on the clusied the
evaluation metric when we use the JRIP algorithm.

Table 3. CCl and TP_rate for J48 and JRIP algorithns

Table 4. CCl and TP_rate for Naive Bayes Multinomia

Table 3 reports the CCI and the TP_rate for Whok and
all Clusters considered for un-contextual model gredcontextual
model that provides the best performances. Almbbstoatextual
models perform better than the un-contextual imseof both CCI
and TP_rate. Only the contextual models built fduster 5
perform worse using either algorithm than the untertual
model in terms of true positive rate. The values bafth

performance measures are higher when we use Jd@tlafg. It is
worth noting that the performance obtained for thbole
customer base are either similar or higher tharoties obtained
for clusters. In particular, the accuracy of thedl¢h DB obtained
by using J48 algorithm is either similar or lowbken the one of
Clusters while the true positive rate is alwayshkigthan the one
of Clusters. Both the accuracy and true positivie raf the
Whole_DB obtained by using JRIP algorithm are alnad&ays
higher than the ones of Clusters.

Table 4 reports the CCIl and the TP_rate for Whok abd
all Clusters considered for un-contextual model éngdcontextual
model that provides the best performances. Thisesase where
the unstructured text descriptions for the itemsewesed as the
independent variables. Table 4 shows that theratiseast a
contextual model that leads a better performangghErmore, we
can observe that the accuracy of Whole_DB is alvieyer than
the one of Clusters while the true positive ratalimost always
higher than the one of Clusters.

Comparing the results reported in Tables 3 and i4, worth
noting that when we use item models that have tistructured
item description as the independent variablesctrgext affects
more on the true positive rate than on the pergentd correctly
classified instances. The contrary occurs when we ilem
models that include the attributes. Furthermorebath tables,
CCI values are almost equal for all user categpbas TP_rates
are rather different. This may depend on the fdeit tthe
dependent variable is unbalanced. In fact, the racgumay be
biased to favor the majority class (product is potchased) and
therefore, it could assume values too high.

Table 5. Iltems purchased in each Super_Category

Actessory_telephony| Audio-Home Hi-Fi| Car Audio |Photography| Hardware | Telephony | Video | Videogames
Whole DB 163 40 195 44 1434 370 254 136
Cluster 1 60 386 189 474 137 364 252 128
Cluster 1 247 110 [ 1% o % 8 37
Cluster 3 161 6 39 110 20 301 4 13
Cluster 4 143 ] u 3 143 38 36 i
Cluster § 143 30 26 103 135 319 4 0
Cluster 10 53 13 0 36 35 173 0 0
Total items| 670 1,061 302 1181 9,012 1119 20 40

Table 6. ltems purchased within each contextual ma for
different Super Categories and Clusters

(a) Accessory_telephony| Andio-Home Hi-Fi| Car Audio |P y| Hardware | Telephony | Video
Autumn 4 2 0 R 54 173 1
Spring 2 12 0 3 39 132 13
Summer 9 13 0 36 36 138 0
Winter 4 20 19 2 60 9% 0
Tatal items 570 1,061 302 1,181 9052 1,119 020

(b) Accessory_telephony| Photography Hardware Telephony
Not_Price_Sensitive 60 o 0 93
Price_Sensitive 49 31 47 138
Total items 670 1,181 9,052 1119

() Accessory_telephon; Photography Hardware Telephony
Afternoon 37 33 35 125
Evening 36 28 22 92
Morning 30 33 41 157
Total items 670 1181 9,052 1119

(d) Accessory_telephony Photography Hardware Telephony
Weekday 44 24 48 207
Weekend 43 26 42 33
Total items 610 1,181 0,052 1119




Most results show that the contextual attribute gravides the
best performance is Super_Category for both appesmaised.
Tables 5 and 6 report the total number of itemsighg to each
Super_Category and the number of items purchastdnweéach
Super_Category for the whole customer base andafch cluster.
Since there is a dependence between Super_Catagdrpther
contextual attributes for four clusters (see T&)l&@able 6reports
the number of items purchased in the following eahial
models: (a) Super_Category/Time of Year for Clusier(b)
Super_Category/Price_Sensitivity for Cluster_7,
Super_Category / Time of Day for Cluster_8, (d) Sugfategory
| Weekday for Cluster_9. The goal is to explainithportance to
use the clusters rather than the whole customes. badact, the
tables show that the number of items purchasededses moving
from Whole_DB to each Cluster. Although the perfantes
obtained for the Whole_DB are almost always bettan the
ones obtained for all Clusters, it is attractive use clusters
because it is possible to personalize the offes detrease the
number of items to recommend. In fact, the userase interested
in examining a small set of recommended items rati@n a long
list of candidates.

©

5. CONCLUSION

This research aims at studying the effect of inooapng
context with the process of predicting a set ahigeelevant to the
user by using two different approaches.

The main conclusions of our study can be summarasd
follows. Firstly, the contextual model almost alwagerforms
better than un-contextual in terms of both accurang true
positive rate when we consider item models thatluthe
attributes. In particular, the effect of contextsisonger on the
percentage of correctly classified instances. Sdlgoithere is at
least a contextual model that leads a better paeoce when the
unstructured text descriptions for the items weseduas the
independent variables. The effect of context isrgjer on the true
positive rate. Thirdly, the performances of Whol8 3 almost
always better than the ones of all Cluster for bagfproaches
used. However, the total number of items that cam b
recommended is too high. While a threshold on ilikeld may be
used to reduce the number of recommendations attterémains
that the recommendations are not personalizedttf®reason, it
is attractive to consider the clusters in order personalize
offerings with a set of items relevant to a lowamtper of users.

The results cannot be generalized to every datasgto all
industry sectors, but this experimental study megresent a
meaningful initial step showing that the performanef RS
improves in terms of both predictive accuracy ahe true
positive rate by exploiting contextual informatiorurther
research is required in order to better understtoed use of
context in RS. In particular, it will be necessamyimprove our
method because the un-contextual model is affebiedhe
contextual information when we build the clustarsai way. In
addition, we plan to do the same experiments bygush
collaborative filtering approach and to build arsemble model
in order to improve the performance of the contalktonodels. In
fact, it was noticed that an ensemble of individpatdictors
performs better than a single predictor on theayerOur goal is
to combine the results of each contextual model whih have a
different weight depending on the results obtaiimedur previous
experiments, to make better recommendations.
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