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Abstract

Recommender systems (RSs) represent integral parts of e-commerce platforms for almost two decades now. The recent emer-
gence of mobile context-aware RSs (CARS) contributed in improving the relevance of recommendations derived by “traditional”
RSs through adapting them to the situational user context. This article presents the design and implementation aspects of a
collaborative filtering-based mobile CARS, which has been integrated in a smart retailing platform that enables location-based
search for retail products and services. In addition to user location, the introduced CARS considers several context parameters
like time, season, demographic data, consumer behavior, and location history of the user in order to derive more meaningful
product recommendations. Our RS has undergone field trials as well as formal laboratory evaluation tests demonstrating higher
accuracy and relevance of recommendations compared with two baseline approaches.

Keywords Recommender system - Collaborative filtering - E-commerce - M-commerce - Retailer shop - Shopping mall - Smart
retailing - Location-based search - Context awareness - Location history

1 Introduction

Recommendation systems (RSs) are information filtering sys-
tems aiming at predicting the “rating” (i.e., the preference) that
a user would give to an information item (e.g., music file,
book, or any other product) or social element (e.g., people or
groups) she has not yet considered [8]. RSs recommend those
items predicted to better match user preferences, thereby re-
ducing the user’s cognitive and information load.
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Recommendations are made either implicitly (e.g., through
ranking a list of information items or displaying a “those
you bought this product, also bought those” bar) or explicitly
(when the user requests a recommendation). The applications
of RSs include, but are not limited to, the areas of e-com-
merce, e-learning, e-library, e-government, e-tourism, and e-
business services [17].

The rapid development of mobile computing technolo-
gies generated a new thread of research within the field of
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RSs, which investigates innovative means for leveraging
the power of RSs for mobile users. Along this line, mobile
RSs (i.e., RSs tailored to the needs of mobile device
users) have already been proposed for numerous applica-
tion fields (e.g., mobile shopping, advertising/marketing,
and content provisioning) [20]. Mobile location-aware
RSs represent a special case of RSs which use location
as a key criterion for generating recommendations for res-
taurants [13], tourist attractions [9, 12], etc. Lately,
context-aware mobile RSs (CARS) have emerged, which
take full advantage of the sensing capabilities of modern
mobile devices to infer user, social, and environmental
context in order to provide more relevant recommenda-
tions [2, 7]; in addition to the current user location,
CARSs may consider a multitude of contextual factors
like time, season, weather, crowdedness, and social
context.

RSs are classified (based on their target applications, the
knowledge used, the way they formulate recommendations,
and the algorithms they implement) on several types [1, 21]:
collaborative filtering, content-based filtering, knowledge-
based filtering, demographic filtering, matrix factorization,
Hybrid RSs. Among them, collaborative filtering (CF) [4] is
the most widely used method in e-commerce and social me-
dia, among others. CF is a method of making automatic pre-
dictions (filtering) about the interests of a user by collecting
preferences or taste information from many users (collaborat-
ing). The underlying assumption of the CF approach is that ifa
person A has the same opinion as a person B on a subject, A is
more likely to share B’s opinion on a different subject than
that of a randomly chosen person. CF-based systems appear in
many forms, but many common systems fall under the follow-
ing two categories:

» User-based CF: it measures similarities between different
users and uses the rating from the top closest (in similarity)
users to a given user to arrive at a rating prediction or
recommendation for the target user. Namely, user-based
CF is based on the assumption that a user’s u; rating on an
item #; would be similar to other users’ ratings on ;, where
those users have similar taste with ;.

» Item-based CF: it measures similarities between different
items and picks the top closest (in similarity) items to a
given item to arrive at a rating prediction or recommenda-
tion for a given user for a given item. Namely, item-based
CF is based on the assumption that a user’s u; rating on an
item #; would be similar to u; ratings on similar items
(similar items are those that receive similar ratings from
many different users).

This article reports on the design, implementation, and val-

idation of an innovative CF-based mobile CARS. The CARS
has been integrated in SMARTBUY, an advanced e-business
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platform developed in the context of an EU-funded H2020
project' [3]. SMARTBUY features a centralized inventory
of products and services, uploaded and administered by the
owners of small, physical retailer shops. The platform sup-
ports a unified location-based search for products and services
sold by retailer shops in the vicinity of mobile customers who
use a dedicated mobile application. The key idea behind
SMARTBUY is to enable small, independent retailers to es-
tablish a shopping mall-like business alliance aiming at
achieving economies of scale and providing innovative digital
services.

The purpose of the SMARTBUY RS is to derive meaning-
ful product recommendations addressed to mobile
SMARTBUY users, so as to draw the attention of users to
products they would potentially be interested in, but they
would not discover themselves alone. The core RS algorithm
of SMARTBUY employs a hybrid approach, combining user-
based and item-based recommendations.

Among other contextual factors (like current location, time,
season, consumer behavior), the SMARTBUY’s RS also takes
into account the location history of the target user for deliver-
ing more meaningful recommendations. In particular, location
history is exploited in two ways: (a) to attain good matchings
among pairs of users (intuitively, users who move around the
same neighborhoods will have interests or restrictions in com-
mon); (b) to recommended products sold on retailer stores
relatively far from the user’s current location, provided that
the stores are located in areas frequently visited by the user.
Moreover, interfacing with social media (Facebook) has been
implemented in order to access basic user demographic infor-
mation and be able to derive relatively accurate recommenda-
tions even when user ratings data are sparse. It is noted that a
preliminary version of this work appears in [5].

The remainder of the article is structured as follows.
Section 2 discusses research related to the work presented
herein, i.e., RSs developed in the context of e/m-commerce
projects. Section 3 presents the design and implementation
details of the SMARTBUY’s RS. Section 4 reports results
from the evaluation trials of our system. Finally, Section 5
concludes the article and draws directions for future research.

2 Related work

RSs have been extensively utilized in e-commerce as a means
of reducing the information overload and offering relevant
product recommendations to potential customers. In other
words, a RS can be used to guide a user to make the right
choice through filtering unwanted products or suggesting in-
terested products compatible with the users’ personal prefer-
ences. RSs are widely used in several online platforms which
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recommend products, services, and information items to po-
tential users. Most commonly, the recommendations of those
engines are based on the shopping preferences of other users
with a similar profile to that of the target user (CF).
Nevertheless, CF-based engines face significantly challenges
[18]:

» Data sparsity: Even users who are particularly active typ-
ically rate only a few of the total number of items available
in a database. As the majority of the recommendation
algorithms are based on similarity measures computed
over the co-rated set of items, large levels of sparsity can
be detrimental to RSs.

+ Scalability: Recommendation algorithms require compu-
tations that are very expensive and grow non-linearly with
the number of users and items in a database.

+ Cold start: An item cannot be recommended unless it has
been rated by a substantial number of users. Likewise, a
new user has to rate a sufficient number of items before the
recommendation algorithm is able to provide reliable and
accurate recommendations.

Notably, the use of RSs in m-commerce/shopping and m-
advertising has been a subject of intense research lately.
Lawrence et al. [15] designed a mobile personalized RS to
suggest new products to supermarket shoppers, who use a
mobile device to compose and transmit their orders to the store
where they are assembled for subsequent pickup. The associ-
ation mining method is used to determine relationships among
product classes for use in characterizing the appeal of individ-
ual products. Clustering is used to identify groups of shoppers
with similar spending histories. Cluster-specific lists of popu-
lar products are then used as input to a matching process of
customers and products to generate recommendations.

Yang et al. proposed a location-aware recommender system
that correlates customers’ shopping needs with location-
dependent vendor offers and promotions [24]. Yuan and
Tsao introduced a framework which enables the creation of
tailor-made campaigns targeting users according to their loca-
tion, needs, and devices’ profile (i.e., contextualized mobile
advertising) [26]. Li et al. proposed a group-coupon recom-
mendation mechanism, analyzing the factors of individual
preference, location sensitivity, and social influence, to solve
the problem by finding a group of customers who are interest-
ed in the product and geographically close to the shop offering
the product to assure the success of group-buying transactions
by achieving the minimum numbers of buyers [16].

More recently, location semantic information is utilized to
further improve the user preference extraction and location
recommendation. Shi et al. proposed a personalized location
recommender system based on a category regularized matrix,
which is constructed from the user location histories [22]. The
location recommendations consider both the user’s

preferences as well as a location similarity. Users’ location
history has also been used to improve friend recommendations
on the intuition that user location histories reveal preferences,
and thus, users with similar location histories have similar
preferences and are more likely to become friends [25].
Similarly, Xiao et al. proposed hierarchical clustering of users
according to their trajectory similarities, where a cluster de-
notes a group of users sharing some similar interests, at dif-
ferent levels of similarity [23]. The clusters on the higher
layers stand for big communities in which people share some
high-level interests, e.g., sports. The clusters occurring at the
lower layers denote people sharing some narrower interests,
e.g., hiking a particular mountain.

3 The SMARTBUY recommender system

In the context of SMARTBUY, the implementation of an ef-
fective product recommendation mechanism is regarded as
especially important to effectively support the marketing of
products. Although the SMARTBUY apps offer location-
based product search as their core functionality, the supple-
mentary use of an effective RS may draw the attention of users
to shopping opportunities otherwise missed, due to the mag-
nitude of available product items. The SMARTBUY’s RS
adopts CF principles. Namely, recommendations depend on
the behavior of other users within the system.

3.1 Design considerations

Overall, the SMARTBUY’s RS has been implemented on the
basis of the following design considerations:

User-generated input Available RSs typically derive person-
alized recommendations taking into account information ex-
plicitly provided by the user, most commonly ratings of prod-
uct items. To improve the quality of recommendations, in
SMARTBUY, we consider a multitude of implicit user input
(i.e., user-generated information not explicitly provided to rate
a product) to accurately estimate user preference upon partic-
ular products. For instance:

*  Demographic data of end-users, assuming that people of
similar age, gender, or nationality are more likely to have
similar tastes on products.

» Usage data derived from the interaction of users with the
SMARTBUY platform, such as products searched, prod-
uct and retailer pages viewed, and products added to
wishlist

User-based vs item-based CF In most experimental tests, the
performance of item-based prediction algorithms has been
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found of superior quality than user-based prediction algo-
rithms [18]. However, the former are more vulnerable to the
sparsity problem. The core RS algorithm of SMARTBUY
uses a hybrid approach, combining user-based and item-
based recommendations. This approach alleviates the data
sparsity problem (sparse user-item ratings) and combines the
advantages of both user-based and item-based CF methods.

User location and location history Product searches through
the SMARTBUY application are inherently location-based, in
the sense that the products listed as a result of product searches
are offered in nearby retailer shops, where the search radius is
explicitly defined by the user. However, several products of
potential interest to the user are likely to be offered by retailer
shops located outside the user-defined search radius, yet, in
areas frequently visited by the user. Our hypothesis is that
those products would be seriously considered by the user,
since she/he could plan a visit at the—remote—retailer shop
during the next time she/he would visit the shop’s area. The
SMARTBUY’s approach balances between those two seem-
ingly conflicting factors: a location-based search which lists
products that may be purchased in the vicinity of the user and
location history-based recommendations which may include
products offered relatively far from the user’s current location.

As regards the consideration of the location history of cus-
tomers, we argue that users’ mobility has a strong temporal
dimension. For instance, the geographic areas visited by
middle-age individuals early in the morning and late in the
afternoon during working days are strongly correlated with
their work and home address, respectively. Moreover, areas
frequently visited by people are diversified in time intervals
since they potentially change behavior over time. As a result,
it would not be meaningful to recommend someone to con-
sider a product offered at a retailer shop located in an area that
the user only visits at night time (e.g., for entertainment).

Table 1

Similarly, areas visited by a user for leisure (e.g., nearby parks
where she/he goes jogging or in pedestrian areas where she/he
enjoys having coffee during the shops’ opening hours) are
more likely to be attractive for shopping experiences as well.
The SMARTBUY’s RS addresses the above described con-
siderations through adopting a model that combines spatial
and temporal influences. Namely, it may recommend products
offered by retailers located relatively far from the users’ cur-
rent location, yet, in city areas where the user often passes by.
However, it captures the temporal dimension of location his-
tory data, mostly considering geographic areas frequently vis-
ited by the user during the opening hours of shops.

3.2 Recommendation aspects

As explained in the previous subsection, the SMARTBUY’s
RS considers a multitude of user input aspects (explicitly and
implicitly provided user information) to accurately estimate
user preference for particular products. The basic parameters
captured and processed by the SMARTBUY analytics plat-
form (and fed into the RS) are shown in Table 1 along with
an indication of their source.

The SMARTBUY mobile applications record in-app
events. Those events are translated to product ratings derived
by both explicit input data (e.g., product ratings or products
denoted as “favorite”’) and implicit input data (e.g., keywords
used for product searches, product views). The in-app events
are timestamped (to capture the time context) and geo-
stamped (to capture the mobility patterns of users, essentially,
the GPS locations where they use the SMARTBUY app).
Those data are uploaded, upon network availability, to the
SMARTBUY’s backend system (a web service endpoint has
been implemented for that purpose) and stored in a database.
Note that all in-app events are anonymized in order to comply
with GDPR and preserve user’s privacy (a unique “device id”

Explicit and implicit user data considered by the SMARTBUY’s RS

Recommendation parameters Description

Source

Age The user’s age group

Gender The user’s gender

Nationality The user’s nationality
Product searches
range)

9 6.

Product views
Product ratings
Products added to wishlist

The rating of products (in Likert scale)

Promoted product views

Recommended product
views

Keywords searched (incl. search radius, preferred product categories, and price
Number of times a product’s “page” has been accessed
Addition of a product in the user’s wishlist

The promoted products considered (clicked) by the user
The recommended products considered (clicked) by the user

Mobile app settings/Facebook
API

Mobile app settings/Facebook
API

Mobile app settings/Facebook
API

User in-app action

User in-app action
User in-app action
User in-app action
User in-app action

User in-app action
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is associated with each event, which cannot be used to track
back the user-owner of the device).

User profile data are also retrieved via the Facebook API
(for those users who login though their Facebook account) and
consolidated with the in-app activity data. In our CF-based
approach, the RS identifies users whose in-app actions are
similar to those of the target user and recommend products
favored by like-minded users (which the active user has not
yet considered). Due to the cold start problem, this approach
does not consider items that no user has yet rated. To address
this issue, demographic data are used to cluster a user into an
existing group of active users, even when no user in-app ac-
tivity currently exists.

Figure 1 illustrates the various types of data collected by
the SMARTBUY’s backend system (demographic, in-app ac-
tivity and location data).

3.3 The RS algorithm

CF-based product recommendations adopt a user model
wherein detailed information is collected about users and their
preferences. The data is analyzed in order to determine like-
minded users, namely users with similar preferences. The
main objective is to create user groups (formally known as
clusters) so that the group members share similar preferences.
Then, when encountering a user u interested in an item i,
where u belongs to a cluster of users with similar preferences,
the algorithm may recommend to u products liked (i.e., highly
rated) by other cluster members. The workflow diagram of the
SMARTBUY’s CF-based RS is illustrated in Fig. 2.

Fig. 1 Collected demographic,
in-app activity and location data
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Essentially, the SMARTBUY’s RS algorithm is a
neighborhood-based algorithm; those algorithms calculate
the similarity between two users or items and produce a pre-
diction for the user by taking the weighted average of all the
ratings. Similarity computation between items or users is an
important part of this approach. For each user, the recommen-
dation algorithm estimates the similarity with other users or
group of users. Pearson’s formula is used in order to estimate
the similarity sim(a, b) among two users a and b:
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An array R is created for this estimation, which correlates
users and characteristics. Its value r,; denotes the rate of pref-
erence (rating) of user a for item #, while »,, denotes the aver-
age rating of user « for all items.

The similarity among users @ and b also depends on the
similarity of their respective location histories sim’ (a, b).
Nevertheless, unless very large numbers of users are involved,
location history data will be sparse, therefore, it is unlikely to
attain many good matchings among pairs of users with coin-
cidental trajectories. In order to address the location history
data sparsity problem, we adopt a category-based location
similarity approach, whereby each area carries a semantic
meaning (e.g., pedestrian zone, business district, market area,
residential area, park). That way, a pair of users would be
associated with a high location similarity index, even if they
do not move to the same areas, as long as they often access
areas with the same semantic meaning. The calculation of sim
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Fig. 2 The SMARTBUY’s RS
workflow diagram
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"(a, b) is performed using the following methodology: First,
the locations recorded for each user are partitioned in separate
clusters based on the Euclidean distances among the location
samples (the recorded location samples are weighted based on
their recency, thus paying more attention to recent geo-
stamps). Then, sim'(a, b) is calculated based on the rand
index® among the location data clustering of users a and b
[19], which takes into account the semantic meaning of the
individual cluster centroids.

Along the same line, the archived information about visits
of users at stores either physically or virtually though the
SMARTBUY app is exploited for matching users who prefer
to buy from similar shops. Specifically, a categorization C of
shops into different kinds is assumed (e.g., clothing stores, gift
stores). Based on this classification, now each user a is asso-
ciated with a frequency vector F,=(f,1, /0, .. Ja | ¢|) Where
fi 1s the number of visits of user a at shops of category i and

| C| is the total number of categories of C. For each category,

i an inverse popularity index /Pi similar to the well-known
IDF factor used in information retrieval is proposed.
Intuitively, pairs of users often visiting a rare shop category
(e.g., antique shops) could be like-minded with higher proba-
bility than pairs of users often visiting supermarkets. In par-
ticular, IP; is defined as follows:

lul (c

Ul

Z fai
a=1

where U is the set of users of SMARTBUY. Now, the similar-
ity function between two users @ and b is given by the formula:

2 Rand index or Rand measure, in statistics, is a measure of the similarity
between two data clustering.
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Last, the final similarity index sim(a, b) is calculated as a
linear combination of sim(a, b), sim ' (a, b), and sim ' ' (a, b).

Having calculated the similarity value among all pairs of
users, a user-based top-N recommendation algorithm is exe-
cuted which uses a similarity-based vector model to identify
the k£ most similar users to an active user. After the N most
similar users are found, their corresponding user-item matrices
are aggregated to identify the set of items to be recommended.

3.4 Recommender engine architecture
The system’s architecture comprises three modules. These are:

The backend system, which hosts the processes responsi-
ble for collecting user profile data from clients (i.e., the
SMARTBUY mobile apps) as well as from the Facebook
API (when users login through their Facebook account).
The recommender system which is responsible for pro-
cessing the data as well as for deriving user’s
recommendations.

The front end, which is responsible for the visualization of
data and perception of the information flow.

The technologies utilized for the system’s implementation
have been python and PHP for the business logic and
JavaScript along with the Angular and D3 frameworks, for
the front end. MySQL 5.7 has been used for data storage.

Figure 3 illustrates the SMARTBUY’s recommendations
system architecture as well as the data flow as regards data
relevant to personalized recommendations. The data flow
comprises the following steps:
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Fig. 3 The SMARTBUYs
recommendation system
architectural elements
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1. SMARTBUY mobile applications record in-app events
(e.g., keywords used for product searches, product views)
as well as user mobility patterns (essentially, samples of
the users’ GPS locations). Those data are uploaded, upon
network availability, to the SMARTBUY s backend sys-
tem (via a dedicated API endpoint) and stored in a data-
base. User profile data are also retrieved via the Facebook
API (for those users who login though their Facebook
account) and consolidated with the in-app activity data.

2. The in-app activity data collected from all SMARTBUY
mobile applications are made available through an API
endpoint to the SMARTBUY’s recommendation system.
Those data are typically retrieved by the recommender
system (data collection scheduler module) once per day.

3. The data are processed offline in order to form groups
(clusters) of users with similar preferences, find the top-
N neighbors per user (i.e., per device id) and calculate
(and store) the recommendation list per user. This is a
computationally intensive computation which is also typ-
ically performed once per day.

4. As soon as a new (target) mobile user arrives into
SMARTBUY, his/her device requests the recommenda-
tions prepared for itself. The request is addressed to the
backend’s recommendation provision endpoint and then
forwarded to the recommendation system’s “results deliv-
ery module.”
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4 Evaluation

The SMARTBUY platform has been tested in real operational
environments, in the context of the official project’s pilot, in
four pilot sites: Patras (Greece), London (UK), Santander
(Spain), and Luled (Sweden). The feedback received during
the pilot period (last 2Q-4Q of 2018) enabled the fine-tuning
of the algorithmic solutions and provided valuable insights as
regards crucial user acceptance factors both from retailers and
customers perspective. The pilot activities involved the active
participation of hundreds of retailer shops (offering a large
variety of products and services) and thousands of mobile
users who installed the SMARTBUY mobile app (Fig. 4)3

The official user evaluation trials of the SMARTBUY’s RS
have been held in Patras (Greece), in January 2019 (see
Fig. 5). The main objective of the evaluation trials has been
to assess the accuracy and relevance of the product recom-
mendations delivered by the RS. To ensure the validity of
the evaluation results, we have implemented a web-based ap-
plication which interacts with the RS in order to present rec-
ommendations generated through processing the real dataset
of the Patras pilot.

Overall, 23 individuals (12 female) have participated in the
evaluation trials. The evaluators have been separated in two

3 https://play.google.com/store/apps/details ?id=com.smartbuyshopping.app
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Fig. 4 Representative screens of the SMARTBUY app
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Fig. 5 Users who participated in
the SMARTBUY’s RS evaluation
trials

distinct groups. The first group (15 evaluators) comprised in-
dividuals who had actively participated in the project’s pilot
activities in Patras. They all had already logged into the sys-
tem and had generated usage data through interacting with the
SMARTBUY app under real-usage contexts. As a result, the
in-app events they have generated while using the application
have been part of the compiled Patras pilot dataset; likewise,
their user profiles have been clustered together with the pro-
files of other pilot users to identify possible matchings.
Therefore, the first group serves the purpose of evaluating
the performance of the RS on already existing users, for whom
there exists sufficient profiling information.

The second group (8 evaluators) comprised individuals
who had not actively participated in the project’s pilot in
Patras. They had never logged in or used the SMARTBUY
app in the past; hence, no profiling data exist about them in the
dataset. Therefore, the second group serves the purpose of
evaluating the performance of the RS on new users (“new-
comers”). In effect, it allows to assess how effectively the RS
copes with the “cold start” problem.

The first group has been recruited from the pool of the
Patras pilot participants. The second group of evaluators most-
ly comprised students of the University of Patras as well as
researchers and administrative staff of CTI who have all been
active Facebook users.

The first group of evaluators have been invited to enter the
web-based evaluation application, having first chosen their
device id from a drop-down list. The system displayed their
gender and age info, which is known for users who have
logged in the SMARTBUY app through Facebook in the past.
Having confirmed that their gender and age is correct, the
users proceeded to the next three screens, which display lists
of product recommendations, derived from three different rec-
ommendation algorithms. Specifically, in addition to the CF-
based recommendation algorithm (see Section 3.3), we have
also implemented two alternative algorithms which serve the
purpose of providing evaluators baseline solutions to compare
against the actual SMARTBUY’s RS solution. In all cases, the
application displays the “top-rated” products, wherein the
“ratings” are calculated as a weighted function of the in-app
events corresponding to a product (among them, the searched

keywords and the addition of products to the “wishlist” re-
ceive a higher weight).

The evaluators have been presented with three screens (i.e.,
lists of recommended products) which corresponded to the
following algorithmic approaches (the first two are the “base-
line”” approaches):

1. Products which have been top-rated (on average) by all
the 638 SMARTBUY registered customers that used the
mobile app in the Patras pilot.

2. CF-based recommendations which do not take into ac-
count the location history of the evaluator (in effect, the
areas where she/he mostly used the mobile app).

3. CF-based recommendations which exploit the full range of
contextual usage data captured from the SMARTBUY’s
backend system, including the location history of the
evaluator.

Our initial hypothesis has been that the evaluators would
value more the recommendations derived from the third
approach.

The evaluators have been instructed to browse the lists of
products displayed on the three successive screens and rate the
recommended products in a 1-5 Likert scale. We have advised
the participants to rate the products, not only in regard to the
extent they “like” them or would consider buying them but also
with respect to the location of the store where those products (or
services) are sold and their potential willingness to physically
visit the store and buy the products. The users have been pro-
vided a “details” button underneath each product which enabled
them to check the location of the corresponding store on a map
(the evaluators have been provided the means to easily display
the location of the store selling a specific product—see Fig. 6.

It is noted that special care has be taken to remove potential
biases from the opinions expressed by evaluators:

» The screens corresponding to the three above listed algo-
rithmic approaches have been presented in a random
order;

* The lists of recommended products have been formatted
identically on the three screens, providing no indication on
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Fig. 6 Screen of the web-based RS evaluation application

how the respective recommendations have been derived
or what they represent;

* The maps illustrating the location of the stores selling a
particular product or service conveyed no information
about the areas frequently visited by the evaluator during
the pilot period.

It should be noted that the above described evaluation
methodology is fully aligned with the evaluation protocols
proposed in the relevant literature [10, 11].

The second group of evaluators comprised 8 individuals
who had not used the SMARTBUY app in the past. As a
result, no profiling data existed in the Patras pilot dataset for
them. These evaluators have been invited to login to the web
app through their Facebook account. Then, they were
instructed to review two lists of product recommendations
and rate the products, is a similar fashion as the first group
members.

The first product listing has been identical to the respective
screen shown to the first group of evaluators (i.e., “top-rated”
products). The second screen corresponds to product

@ Springer

recommendations derived from the CF-based SMARTBUY
RS, taking into account the retrieved demographic informa-
tion of the evaluator (e.g., recommend products mostly pre-
ferred by males, when the evaluator is a male).

Figure 7 a depicts the results regarding the average product
rating recorded for the three alternative recommendations ex-
amined by the first group of evaluators. This statistical result,
essentially, provides evidence on the prevalence of the
SMARTBUY’s solution with respect to perceived relevance
and accuracy of product recommendations. Notably, only 3
(out of 15) evaluators rated higher (on average) the products of
the second baseline approach rather than those of the third
approach (SMARTBUY solution). This is likely to be due to
the limited number of product recommendations included in
the third list, which implies a small statistical sample, prone to
statistical outliers.

Figure 7 b depicts the results referring to the average prod-
uct rating of the two alternative product recommendations
examined by the second group of evaluators. Evidently, the
approach considering the demographic information clearly
prevails over the baseline approach.
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Fig. 7 Average product rating for the a three alternative product recommendations examined by the first group of evaluators (“existing users); b two
alternative product recommendations examined by the second group of evaluators (“new” users)

Having completed the ratings of products on all the three
screens, the evaluators have been interviewed, in order to free-
ly express their opinion on the various recommendations op-
tions they examined and justify their choices. Most of the
evaluators confirmed that the main criterion which led them
to rate higher the products of the third screen has been the
location of the selling stores. Indeed, they confirmed that those
stores are conveniently located to areas of Patras where they
spend most of their time (typically, nearby their home or of-
fice). Nevertheless, three evaluators commented on that they
found the list of recommendations too narrow on the third
screen, which is mainly due to the limited number of products
and retailer shops found in the Patras pilot dataset. Two users
commented on that the recommendations of the second and
third screens covered a broader range of their personal inter-
ests, i.e., the variability of the recommendations was en-
hanced. Four evaluators expressed their surprise on the fact
that several product recommendations appeared significantly
different from the items that they had searched when using the
mobile application, nevertheless, those recommendations
have been still relevant (namely, they found the respective
recommendations as serendipitous [14]).

Similarly, five among the second group users justified their
preference for the second screen emphasizing that the respec-
tive products matched their gender-based consumer orienta-
tion in a more reasonable manner.

5 Conclusions and future research

The article discussed the design and implementation aspects
of an innovative CF-based mobile context-aware RS. The RS
has been integrated in SMARTBUY, an advanced e-business
platform which enables the establishment of a business alli-
ance among small retailer shop owners and supports cus-
tomers in performing location-based search for products and
services sold by nearby retailer shops.

The purpose of the SMARTBUY RS is to derive meaningful
product recommendations addressed to mobile SMARTBUY
users, through exploiting a multitude of contextual factors. The
selection of recommended items is based on the hypothesis that
users would consider buying products appreciated by other
users with similar consumer profiles. Furthermore, the location
history of the target user is taken into account to deliver more
meaningful recommendations (i.e., to feature products sold in
conveniently located stores). Interfacing with social media
(Facebook) has been implemented in order to access basic de-
mographic information of the user and deal with the cold start
problem.

The RS has undergone formal evaluation trials in a lab
environment in order to measure the quality of product rec-
ommendations derived by the RS (mainly wrt relevance and
accuracy, but also variability and serendipity). To ensure the
highest possible validity of the evaluation trials, we have used
the real dataset of in-app events captured during the project’s
pilot period in Patras, Greece. Moreover, most of the recruited
evaluators have been real pilot users, while some additional
“new” users assumed the role of individuals who have just
installed and started using the mobile app. In order to display
the product recommendations, we have implemented a
“standalone” web-based application. Further to the proposed
SMARTBUY solution, we have implemented two alternative
(baseline) approaches to offer the evaluators a fair comparison
measure.

The evaluation results demonstrated that the average rating
of the products derived by the SMARTBUY RS’s algorithmic
solution far exceeded that received by the product recommen-
dations of the two baseline approaches, thus confirming our
original research hypothesis. Furthermore, several evaluators
commented positively wrt the variability and serendipity of
recommended products.

Our future research plans involve the implementation of a
prediction algorithm to accurately estimate future user loca-
tions so as to further improve the accuracy of derived recom-
mendations. Furthermore, we plan to extend the SMARTBUY
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platform so as to enable the establishment of ad hoc coalition
customer loyalty programs among participating businesses
and adapt the RS accordingly so as to take into account the
behavior of loyalty program members [6].
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