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ABSTRACT

In this work, we describe the development of a hybrid recommendation system that uses
multiple criteria for its recommendations. The system utilizes a list of 5 criteria and is fo-
cused on being able to work real-time, for the recommendations produced. It combines
both online and offline features as part if its work is done real-time and part of it offline
through cron jobs. We deploy this system on the website of athensvoice.gr, in order to
assess its effects on a real website scenario, explore the correlation between different
categories of the posts on the website and analyse the results it offers. To this end, we
propose an approach to ascertain the usefulness of our results as they are currently pro-
duced by our production website. We consider the work described in this thesis novel
since it is developed, run and evaluated on a production website, covering a variety of
articles. Furthermore, through the multiple criteria used, our system shows an improved
behaviour on problems of traditional methods.

SUBJECT AREA: Recommendation Systems

KEYWORDS: hybrid recommendation systems, real world use case, multiple criteria
algorithm, content based collaborative, real-time evaluation



ΠΕΡΙΛΗΨΗ

Στην εργασία αυτή περιγράφουμε την ανάπτυξη ενός υβριδικού συστήματος συστάσεων
που παράγει προτάσεις με χρήση πολλαπλών κριτηρίων. Το σύστημα χρησιμοποιεί ένα
σύνολο ποιοτικών κριτηρίων και είναι εστιασμένο στο να μπορεί να παράγει τις συστάσεις
του σε πραγματικό χρόνο. Συνδυάζει χαρακτηριστικά πραγματικού χρόνου και παρασκηνίου,
καθώς μέρος των εργασιών του εκτελείται κατά την παραγωγή των συστάσεων αλλά και
μέρος στο παρασκήνιο. Για να μπορέσουμε να αξιολογήσουμε τις επιδράσεις λειτουργίας
του συστήματος, το θέσαμε σε χρήση στον ιστότοπο της Athens Voice, ώστε να μπορέσουμε
να αναλύσουμε τη σχέση των κατηγοριώνπουπροσφέρονται, των άρθρωνπου βρίσκονται
εκεί αλλά και να ποσοτικοποίησουμε τα αποτελέσματα εφαρμογής του. Για το σκοπό αυτό
προτείνουμε μια μέθοδο για την επαλήθευση της αξίας των παραγόμενων αποτελεσμάτων
από την εφαρμογή του συστήματος σε ένα υπάρχον ιστότοπο. Θεωρούμε καινοτόμα τη
δουλειά που περιγράφεται στην εργασία αυτή, καθώς αναπτύχθηκε, εφαρμόστηκε και
εξετάστηκε κάτω απόπραγματικές συνθήκες, σε ιστότοποπου καλύπτει μια μεγάλη ποικιλία
περιεχομένου. Επιπλέον μέσω των πολλαπλών κριτηρίων που χρησιμοποιεί, το σύστημα
συστάσεων που αναπτύχθηκε παρουσιάζει βελτιωμένη συμπεριφορά σε προβλήματα των
παραδοσιακότερων τεχνικών.

ΘΕΜΑΤΙΚΗ ΠΕΡΙΟΧΗ: Συστήματα Συστάσεων

ΛΕΞΕΙΣ ΚΛΕΙΔΙΑ: υβριδικά συστήματα συστάσεων, περίπτωση χρήσης πραγματικού
κόσμου, αλγόριθμος πολλαπλών κριτηρίων, με βάση το
περιεχόμενο συνεργατικό, αξιολόγηση πραγματικού χρόνου
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A Hybrid Approach to Recommendation Systems using Multiple Criteria

1. INTRODUCTION
Content recommendation systems have recently played a key role in the areas of news
and report dissemination as they better serve the individual needs of their user communi-
ties. Being proactive and furnishing a user with pertinent content she might be interested
in a timely fashion does benefit the content-provider as user spends longer time on the
website, revenues from advertisements are likely to increase and CTR (click-through-rate)
will follow suit. As a result the interest in recommendation systems has increased over
the years.

In this thesis, we develop such a recommendation system and deploy it on the website
of athensvoice.gr. Athens Voice started as a free weekly newspaper distributed in vari-
ous areas of Athens, Greece, and over the years became a website covering both news
and a variety of topics and features. In this recommendation system, we are using both
content-based and collaborative filtering, yielding a truly hybrid system. To the best of our
knowledge, this is the first such production system, that is both hybrid and uses multiple
criteria, deployed and evaluated on a live website.

Until now, the articles suggested towards the visitors of the website are served using
popular criteria for such websites, such as:

• based on the time the articles was posted

• fetching more articles from the same category

• human chosen articles as featured

• more from the same author, etc.

Since none of these criteria takes into account the uniqueness of each visitor, we expect
the use of our recommendation system to have a positive effect towards the athensvoice.gr
visitors, and an increase of the number of pages per visitor to be seen as a result.

The developed system has both online/real-time and offline parts. It serves the recom-
mendations produced online, as the visitor scrolls within a web-page, at a pre-specified
part of the page, which differs across devices. Keeping the system’s responsiveness in
mind, we divided the computational work in two parts, the online and the offline one. The
work performed online has to do with the significant factors that need to be taken into ac-
count real-time, i.e. excluding from the results the articles already read by a specific user.
The offline work, which is done through cron jobs, involves less time crucial computation,
such as increasing the correlation between categories which is already high.

Our work differs from what has been proposed so far in a number of aspects. The system
developed is not solely focused on news recommendations, although news posts are part
of the system, these posts are not the only ones handled by it. Another important factor
that makes this work novel, is that due to the nature of the recommendation algorithm
used (as explained later, a multiple criteria one), the system was in use from the first day

Michail Papakonstantinou 13
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of its deployment on the website of athensvoice.gr, both collecting data (and improving its
recommendations as a result) as well as serving its suggestions towards each visitor of
the website. Moreover due to the variety of criteria it uses, the handling of traditional prob-
lems of recommendation systems is done in a more efficient way. This work, even though
carried out independently, is deployed and run on a real website, with real-time visitors.
This is important to keep in mind, since its training, evaluation and serving of recommen-
dations is done real-time on a live website. Another important contribution of this work,
is its novel metric for the assessment of recommendations. The metric developed uses
the visitor’s click as a main factor, and it tracks the criteria by which the recommendation
clicked was produced, giving the system a self-evaluation method.

The structure of this thesis is as follows:

• Theoretical overview of recommendation systems.

• Comparison with related work and differences in approach.

• High level description of the recommendation system, to explain the flow and storage
of data.

• Technical description of the system developed.

• Description of the recommendation algorithm implemented.

• Analysis of the results.

• Conclusion and future work.

Michail Papakonstantinou 14
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2. THEORETICAL OVERVIEW
An increasing interest over the years has been observed for systems that can predict a
user’s preferences, towards the content of a web site. Such systems are called recom-
mendation systems, and their goal is to accurately suggest content to users that may
possibly interest them.

Recommendation systems may be applied to a variety of fields, and serve their sugges-
tions regardless of the content they are suggesting. Common applications of such systems
are:

• Product recommendation, a very common application of recommendation systems
are e-shops that recommend products based on the user’s preferences and by show-
ing items that are frequently bought together (for example ebay and amazon use
such systems).

• Movie recommendation, another popular application of recommendation systems
is companies that suggest movies that their user’s might want to see. Netflix is
such an example, whose recommendations are based on user ratings, in order to
be calculated and served.

• News recommendation, another application of these systems is recommending news
articles. This field has received increasing interest in the past years, since com-
panies like Google or Yahoo!, have adopted recommendation systems in order to
present their users with articles that might interest them.

Recommendation systems may use a number of techniques for their suggestions to be
served. Based on these techniques, they can be classified in the following 3 general
classes:

• Content-based systems, which are based on the properties of a specific piece of
content.

• Collaborative filtering systems, which are based on the similarity between different
content and/or users.

• Hybrid approaches, that combine features of the above techniques.

2.1 Content Based Systems

Content based recommendation systems, depend on the properties and characteristics of
each piece of content in order to make their recommendations towards the users. For that
to be possible, the content profile has to be constructed, that contains these characteristics
[8, 3].

These characteristics may vary based on the area in which the recommendation system
is deployed. For example, when creating a content based system for movies, the charac-
teristics of each content (movie), may contain:

Michail Papakonstantinou 15
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• Genre.

• Actors.

• Director, etc.

Another example of the usage of such systems is when building a user profile, based on
his/hers preferences. Again there are a number of characteristics that can be used, such
as:

• User’s ratings.

• Past buys.

• Previous views, etc.

Having these profiles, a recommendation system can produce its suggestions by calculat-
ing the degree in which a user may be interested in a specific piece of content. This can
be done in various ways and algorithms, like: averaging values of rated items, Bayesian
Classifiers, Cluster Analysis, Decision Trees, Neural Networks, etc.

The use of such recommendation systems offer a number of advantages:

• Taking into account each user’s preferences, the suggestions made are accurately
matched with the interests of each user of the system.

• Performing heavy calculation for these systems offline, leads to an increase in real-
time performance.

• Recommending new pieces of content to users, since these systems use the specific
item’s characteristics and do not require them to be heavily rated by other users .

On the other side, the use of content based recommendation systems, have some disad-
vantages:

1. The cold start problem, which happens when a new user enters the system, for whom
no data is available and as a result no accurate suggestion can be made.

2. In contexts where characteristics of the content is not available or is scarce (e.g.
images, sounds), these systems are unable to recommend content with accuracy
since no properties are present to make the recommendation.

3. These systems are also subject to the stability vs plasticity problem[14], which is
when a user has rated a large number of items, his/hers preferences into the system
are difficult to change, whereas in real-time cases this can happen pretty often

2.2 Collaborative Filtering

Collaborative filtering systems, are a different approach for recommendation systems than
content based ones. They differ in the sense of the input they use in order to make their
suggestions. Such systems focus on the similarity between users or items and recom-
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mend content based on that [3, 8, 2].

These systems use a distance measure such as Jaccard or cosine distance in order to
calculate the degree of similarity between users and items. This way, collaborative ap-
proaches are unaffected by the context in which they are deployed, since they do not take
into account the specific properties of the content they are recommending (like content-
based systems), but only the way users interact with it. They also do not suffer by the
cold start problem for new users, since they can be matched with existent ones for whom
a lot of data is present and make the recommendations based on it. Finally they handle
contexts in which the properties of the content suggested is scarce with high accuracy
since they do not need to take into account the specific content’s properties to make their
recommendation.

However the use of these systems has some disadvantages:

1. The cold start problem (for a new item), which is when a new item is introduced
into the system and for which there is no data available in order to include it in the
computation of the recommendation.

2. The data stored into the tables tend to be sparse. This happens if the number of
users is not proportional to the number of items. In order to counter this problem,
special techniques are being deployed.

3. The grey sheep problem [7], which is when a user with unusual preferences enters
the system, who is difficult to match with the existent ones.

2.3 Hybrid Filtering

Hybrid filtering systems combine one or more techniques and properties of both content-
based and collaborative filtering systems. This is done in order to overcome most if not
all of the disadvantages of each system separately [3, 2].

For example, these systems can overcome the cold start problem for new users since for
them a collaborative approach can be used to make the recommendations as accurate as
possible. The same way the cold start problem for new items can also be reduced if the
item’s properties are taken into account. Like collaborative filtering systems, hybrid ones,
do not necessarily require the presence of the content’s properties since they can use a
collaborative approach to make recommendations in such contexts.

In this work, we develop a hybrid recommendation system that uses a number of criteria
to make its recommendations. Through these 5 criteria, we aim to overcome the common
disadvantages of other recommendation systems, while trying to keep the speed of this
system as high as possible, since it is deployed on a live website with real-time visitors.

Michail Papakonstantinou 17
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3. RELATED WORK
Most of the work done in this field has focused on news recommendations [11, 12, 6, 10,
24, 9, 1, 5], as well as possible metrics [27, 23, 20, 4, 11, 10, 25] to evaluate the effect
of the proposed algorithm. The recommendation system presented in this work, handles
news articles as a special case of articles due to their specific nature and their rather
short life span. Our system is applied throughout the website of athensvoice.gr, providing
recommendations for the content published on the website. This is a main difference
between the current and related work being done in this field.

As stated in the introduction, our system is run real-time, evaluating and serving recom-
mendations on the fly to users during their visit of a web-page. This is leading to serious
limitations in terms of the allowed time for our system to produce its recommendations
towards a specific visitor [24, 1]. Our analysis based on JavaScript functions deployed
prior to the launch of the recommendation system has shown that the time window for the
recommendations to be served is approximately 1 second, before the visitor reaches the
part of the web-page at which the results are shown. This is making the time allowed for
computation very strict in order for the recommendations to be seen and possibly clicked
by the user.

The above limitation, lead to the system developed, performing demanding computational
work offline, using cron scripts. The computations considered heavy to be performed real-
time are:

• Producing cosine similarities between new and existent articles.

• Backing up and deleting data stored on the main database of the system, that are
no longer useful for the recommendation engine.

• Clearing data from tables of the database that are considered noise.

Except for the data that are considered noise, all of the data deleted are first inserted
into the cumulative tables used, and later backed up for possible future use. Much of the
related work is focused or evaluated on offline systems [25, 22, 24, 4, 5, 18], which differs
from the current work, since it combines real-time and offline characteristics.

Our proposed and developed system, combines characteristics from both collaborative
and content-based filtering (both item and user-based), this shows similarities with parts
of other work done [10, 19, 9, 27], in terms of combining techniques for the final result,
however differs in the criteria used for the production of both content-based as well as
collaborative filtering.

Some of the related work [10, 12] is focused on recommendations for search engines
using appropriate techniques. However due to the difference in nature of athensvoice.gr
and search engine websites, similarity between queries would be very inefficient to use in
our case.
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In order to assess the results produced to visitors by the recommendation system, apart
from the data provided by the Google analytics service, a custom method was developed.
Many assessment metrics have been proposed by the related work [25, 6, 12]. All these
propositions, use clicks in order to evaluate the results of the recommendations. Our
proposal differs than others suggested, since apart we also keep track of the criteria by
which the click was produced. The above leads to a much more comprehensive analysis
over the recommendations served to users of athensvoice.gr and also opens up a possible
future integration of machine learning approaches within the recommendation system.

Similarly to most of the work done in this field, our system does not use user-ratings to
produce the results, but visitor clicks instead. It is also used on top of a Drupal system, as
the one already in use by athensvoice.gr.

It should be mentioned at this point, that our system’s recommendations are solely based
on the data it has collected, over the time period it has been used, at which it is storing data
and cumulating it into the appropriate tables on the database. Since its launch, our system
has been making recommendations towards the visitors of the website, while training at
the same time. The above is making it different than other work done [27, 21, 18], since it
did not use existent datasets, or data accumulated prior to its launch for training.

Another very important factor to take into account when designing such a system, is the
cold start problem. The cold start problem, is the one at which a new user has visited the
website, making a recommendation request to the system which has to serve its results
back. Such a scenario is a problem for personalized content-based systems, since there is
no data at that point to produce results. There has beenmuch work on this field addressing
this problem [18, 26], however it differs from our approach because user-based filtering is
only one of the 5 criteria used in order to produce recommendations. So in case of a cold
start situation, the rest 4 criteria kick-in to provide the results based on them.

There has also been work based on the factors to take into account, and the data to store
in order to produce the best fitted recommendations for users. There has been work about
cumulative data [21], location based techniques [17, 15], personalized [18, 4, 1, 16, 27]
use of social services [13, 16]. However these works differs than this one, since the data
stored are both per user (non-cumulative), cumulative and context and time aware.

Concluding this section, the main differences of the current work with other done on the
same field, can be summarized to the following:

1. Handling of different genres of articles.

2. Training, running and assessment done on an a live website, with real-time visitors.

3. Combining online, real-time and off-line features (cron scripts).

4. Serving on the fly recommendations that lead to strict time allowed for computation.

5. Combining techniques and criteria for the recommendation algorithm.
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6. Developing and using in production metrics and corresponding tools for the contin-
uous assessment of the deployed system.

Michail Papakonstantinou 20



A Hybrid Approach to Recommendation Systems using Multiple Criteria

4. HIGH LEVEL DESCRIPTION OF RECOMMENDATION SYSTEM
In this section we describe the recommendation system developed in an abstract way, in
order to show the flow of data, during its use. As presented in Figure 1, the complete
system is separated into 4 sub-systems/servers:

1. The athensvoice.gr server for Desktop/Tablet users (S-DT)

2. The athensvoice.gr server for Mobile users (S-M)

3. The athensvoice.gr database server (S-DB)

4. The recommendation system server (S-RS)

Each of these servers has a specific role in the system, as we will see next.

Figure 1: High Level System Diagram

First we have the athensvoice.gr server responsible for desktop and tablet visitors of the
website. This is the server on which part of the Drupal system is deployed (apache and
php scripts), that in turn communicates with the database server, in order to fetch the
results of each query.

Next we have the athensvoice.gr server which handles requests made by mobile devices.
This server has its own mirror of the main database which is synchronized with the main
one, in a master-slave architecture.

Finally there is the web server, which hosts the hybrid recommendation system that was
developed. At this server there are the php scripts necessary for the system to work, a
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mysql database in which data is stored and the cron scripts doing maintenance work.

It should be mentioned at this point that all of the servers are using CentOS Linux 6.6,
communicate with each other through an internal LAN, and connect with the web using
1000Mbps network lines.

Algorithm 1 Algorithmic Overview of RecSys
1: procedure User Visit
2: if visitor uses (desktop OR tablet) then
3: server_used← S-DT
4: else
5: server_used← S-M
6: currentURL← current visited page
7: if first time visitor then
8: recSysID← generate new user_id
9: else

10: recSysID← read recSysID value
11: server_used makes request to S-RS with recSysID and currentURL
12: S-RS stores data_for_visit and returns recommendations
13: server_used shows recommendations to visitor

Figure 2: Algorithmic Overview of RecSys

The algorithm below, shows the steps taken during a user’s visit on aweb-page of athensvoice.gr.
Initially, he/she is redirected to the appropriate server the handle his/hers request based on
the device he is using. Then the id for the recommendation system is retrieved. His/hers
id is passed to the recommendation system along with the current url of the visit. The
recommendation system, stores the data derived by this information, and returns the rec-
ommendations based on it, and on the data already stored. These recommendations are
presented to the visitor, on the predefined space, by the web-server handling the initial
request.
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5. TECHNICAL OVERVIEW OF RECOMMENDATION SYSTEM
In this section we describe the system developed in a more detailed way. In order for it to
be easier understood, we have divided the description of the system in the following:

• Drupal system.

• Interface sub-system.

• Recommendation system database overview.

• Recommendation engine.

• Back-end sub-system.

Figure 3: Recommendation System Overview.
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5.1 Drupal System

As mentioned previously, the developed recommendation system, was build on top of the
drupal content management system (CMS), on which the website of athensvoice.gr is im-
plemented. To be more specific, the version used is 6, and a number of modifications have
been done, concerning mostly the storage engine of tables of the database it maintains.

Drupal is an open-source CMS, equivalent to Wordpress and Joomla, which allows a
higher amount of freedom for developers to interfere with its core, compared with the
other two.

This system depends greatly on 2 terms:

• Node

• Taxonomy

Node has to do with anything uploaded to the website (article, page, etc.). All of this data
is uniquely identified by an integer, nid.

Taxonomy, is used for the categorization of content. A unique integer is given by the
system for each taxonomy, tid.

Both of the above integers, are used by the recommendation system, for its connection
with the Drupal one, and are inserted into many of the tables of the database, as we
describe later on.

5.2 Interface Subsystem

Interface sub-system is responsible for the presentation of the recommendations produced
by the system, to the visitors of the website. To that end, the maximum number of recom-
mendations towards the users has been set to 15. These recommendations are divided
as follows:

• 4 recommendations come from the specific user’s interests.

• 3 recommendations come from the relation between categories (taxonomies).

• 3 recommendations are based on the time of day.

• 3 recommendations are calculated using the cosine similarity between the current
article read, and the rest available.

• 2 recommendations come from the most read articles for the current day.

All of the above recommendations produced, are first checked for possible duplicates
before they are presented to the visitor.
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Figure 4: Recommendation’s area for desktop/tablet visitors.

Furthermore, we chose to present the recommendations differently, based on the device a
visitor of the website uses. Figure 4, shows the area and format of the recommendations
to dektop and tablet users. The area and format of the recommendations made towards
mobile device users is shown in figure 5. The above distinction was made due to the
following reasons:

• Based on the device a visitor uses, the web page changes.

• Requirements (in terms of: connection speed, screen size, etc) change based on
the device used.

Figure 5: Recommendation’s area for mobile device visitors.
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5.3 Recommendation System Database Overview

Storing the data acquired by the recommendation system is handled by its database sub-
system. To cover the database sub-system need, 2 schemas are used:

• tracker

• backup_initdata

The first one, is where the tables used for the recommendations as well as the data for
each visit is stored, and consists of 13 tables. The second one is where unused data, due
to the their old timestamp, is stored.

5.3.1 Tracker Schema

As mentioned above, this schema is where the data used for recommendations and track-
ing of each visit is stored. It is the schema mainly used by the system developed, and
consists of the following tables:

• Table initdata, which is where all the primitive data concerning a specific visit are
stored.

• Table user_from_to, which associates categories for each visitor by tracking every
click made.

• Table user_has_read, which stores data concerning the id of the article and the id of
its category for each visitor.

• Table user_from_nid_to_nid, which stores the data concerning the flow of each vis-
itor from article to article within the website of Athens Voice.

• Table user_profile, which stores cumulative data for each visitor that concern his/hers
reads of a specific category.

• Table time_tid, which associates for each visitor, the category he/she reads, and the
timezone the read occurred.

• Table time_profile, which stores cumulative data associating category reads with a
specific timezone.

• Table tid_profile, which stores cumulative data associating each category of the web-
site with another.

• Table nid_profile, which stores the number of times two articles were clicked suc-
cessively, and the cosine similarity between them.

• Table cosine_sim, which stores the cosine similarity value between 2 specific articles
of the website.

• Table day_tid, which associates each visitor id, the category he/she reads and the
day of the week he/she reads it.
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• Table day_profile, which stores cumulative data associating each category, day of
the week and the amount of times the specific category was read on that day.

• Table node_counter, which is a Drupal maintained table and includes the information
of day reads of each article of the website.

The above described tables, are the ones actively used each day by the system devel-
oped, in order for the recommendations to be produced, based on the algorithm we de-
scribe in a later section. Figure 6, shows the complete architecture of the database used
by the recommendation system.

Figure 6: Complete database.

As can be seen by figure 6, the main table of the recommendation system’s database is
the initdata table. This table is where all the raw data collected by the system is inserted,
and after proper recalculation this data is inserted into the other tables of the main schema.

The cookieID field is where the unique id of each visitor is stored. This field is the most
important one in the database, since it is used in most of the tables as a means to iden-
tifying the visitor’s preferences and behaviour throughout the website of athensvoice.gr.
The cookieID field is used into the following tables:

• Table time_tid in order to show each visitor’s preferences during a specific time of
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day.

• Table user_has_read in order to determine the articles each visitor has read and not
show them again.

• Table user_profile in order to find a visitor’s favourite categories.

• Table user_from_nid_to_nid in order to know the sequence of each visitor’s clicks
throughout the website, which if used in collaboration with the nid_profile table can
tell us his/hers favourable cosine similarity between the articles read.

• Table user_from_to in order to find the categories a visitor clicks sequentially.

The currentURL field is used in collaboration with Drupal’s database in order for the arti-
cle’s nid and respective category’s tid to be calculated. This data is then inserted through-
out the database’s tables that that require it. Such tables are:

• Table time_tid, into the tid field.

• Table user_has_read, into fields nid and tid.

• Table user_profile, into the tid field.

• Table time_profile, into the tid field.

• Table tid_profile, into the tidCurrent field.

• Table user_from_nid_to_nid, into the nidCurrent field.

• Table user_from_to, into the tidCurrent field.

• Table day_tid, into the tid field.

• Table day_profile, into the tid field.

The history field is handled in a similar fashion to the currentURL one. In this field informa-
tion about the previous article’s nid and category tid is stored. After communicating with
Drupal’s database and fetching this data, we then insert it into the following tables:

• Table tid_profile, into the tidHistory field.

• Table user_from_nid_to_nid, into the nidHistory field.

• Table user_from_to, into the tidHistory field.

The recommendation algorithm we have developed is based on 5 criteria for the recom-
mendations to be calculated. These 5 criteria depend on 6 tables of the database.

The user_profile table is where the first criteria is based on. This table stores the data
concerning the favourable categories of each visitor of the website. It associates each
cookieID with each category read and the number of times (tidCount field) these reads
have occured. Using the data on this table we can present the visitor with articles from
his/hers favourite categories.
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The tid_profile table is where the association of categories of the website is stored. In this
table we have the information about the frequency each category is accessed directly after
another. Using the data from this table we are able to show the visitor articles that are in
a category usually clicked after the category of the article he/she is currently reading.

The tables time_profile and day_profile is where we store information associating the time
of day and day of the week with the categories read respectively. These 2 tables are
used together by the recommendation system for it to make its recommendations. Using
the data stored into these tables we present the visitor with articles that have a category
usually read on a specific day of week and time of day.

The node_counter table, which is a table maintained by Drupal, is where statistics con-
cerning each article of the website is stored. Using this table we show the visitor articles
that are most frequently read by others on the current day.

The cosine_sim table is where each article is associated with another, along with their
cosine similarity value. As we will further describe in the next section, this is a table
populated using a cron script. Using the data stored into this table our system suggests
content that have the maximum cosine similarity value with the one he/she currently reads.

In the recommendation system we have developed we chose to not present the visitor with
content already read by him/her. This is done for the following reasons: content already
read by a visitor would not interest him/her any more, such content can be searched using
the tools available on the website and articles read are already presented to him/her in
various spots on each web-page. In order for us to be able to exclude recommendations
already read by the visitor, we introduced the user_has_read table. In this table we store
for each visitor the articles he/she has read along with when this read has occurred. Using
the data stored on this table our system recommends to visitors content that they have
not already read form the website.

5.3.2 Backup Schema

The schema backup_initdata is where the system’s data that are no longer useful real-time
by the recommendation system is stored. In order to decrease the size of the tables and
as a result increase the performance of the system, it was chosen that such data are first
inserted into this backup schema, and then deleted from the one described in the previous
subsection. The inserts and deletes are handled by cron scripts that run on the server. All
of the tables of this schema are in the format below:

• initdata{from}_{to}

• user_has_read{from}_{to}

• time_tid{from}_{to}

• day_tid{from}_{to}
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Where {from} and {to} depict the time range that the inserted data cover. As we will explain
in more detail into a later section, the data considered obsolete and as a result inserted
into the respective tables may be due to one of the following reasons:

1. Data from the initdata, time_tid and day_tid tables are considered useless at the end
of each week. This data is stored for usage by possible expansions of our current
work and statistical purposes.

2. Entries into the user_has_read table are not considered important if they are times-
tamped 10 days ago. This is done since our recommendation algorithm does not go
before that period of time in search of suggestions towards visitors.
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5.4 Recommendation Engine

The recommendation engine is the part of the system that given a specific input, returns
the suggestions towards a specific visitor. It utilizes the system’s database and is the one
running between the database and the interface.

Given as input the unique identifier for the visitor (cookieID), and the current url he/she is
viewing, the engine returns 15 suggestions. We came to this number of total recommen-
dations served based on the following parameters:

• The slot on the web-page reserved for these suggestions could not exceed this limit,
since it would make other slots of the page appear at a lower position.

• The total number of recommendations per criteria was chosen to be on average 3
per criteria with the exceptions of user profile and most read criteria which serve 4
and 2 recommendations respectively.

This number of 15 recommendations towards the visitor are generated based on the cri-
teria described below:

• From the table user_profile, a specific visitor’s favourite categories are drawn (4/15).

• From the table tid_profile, articles are selected using the correlation between their
categories (3/15).

• From the tables day_profile and time_profile, are used to fetch articles based on the
day and current timezone (3/15).

• From the table node_counter, articles are chosen that have been read the most on
a specific day (2/15).

• From the cosine_sim table, articles are selected that are closer to the current one
being read by a visitor (3/15).

The above leads to 5 criteria for the recommendations made by the system. More specif-
ically, the first criteria, which is based on the user profile built by the system, makes it
a user-based one. This criteria, generates suggestions based on each visitor’s specific
interests and behaviour during his/hers visit on the website.

The second one (from the correlation of the categories), makes it a collaborative sys-
tem, since the information used is based on the visits of every user of the website. The
recommendations served based on this criteria, rely on the most probable category read
immediately after the current one each visitor is reading.

The third one, that takes into account the day and time for the results chosen, combines
characteristics of a collaborative system and a context aware one. This criteria makes its
recommendations using the frequent article categories read during each day of week and
time of day.

The fourth criteria, that uses the number of today’s reads of an article, is giving the system
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the notion of trend to take into account. It serves its recommendations based on the most
read articles of the current day, filtering out those the visitor has already read.

Finally the fifth criteria, that uses the cosine similarity of the current article being read and
the next available, is making the system developed a content based (using items) one.
The suggestions produced based on this criteria are the articles that have a higher cosine
similarity value with the current one being read by the visitor.

It should be mentioned at this point, that from all of the recommendations produced by the
system, the ones a visitor has already read are excluded, and prior to being served back
at the user are checked for possible duplicates. As mentioned before, the total number of
recommendations served by each criteria was initially chosen to be 3 recommendations
per criteria. This was made in order to be as objective as possible in trying to evaluate
each criteria used by the recommendation system developed. However due to the fact
that on various slots of each web-page of athensvoice.gr the number of an article’s reads
is used, we chose to show 1 less recommendation from the most read criteria and show
1 more from the user profile one.

5.5 Backend Engine

In this section we describe all of the features of the backend engine, which is part of the
recommendation system built. This subsystem is responsible for the offline, maintenance
work performed on the recommendation system. It does most of the heavy, in terms of
calculation, work as well as cleaning of the main database from data that are no longer
useful.

The work performed by the backend engine, is in the form of php scripts, that run on the
server hosting the recommendation system as cron jobs. These processes are:

• Process reset_user_profile, is the one cleaning the table user_profile, from data that
are considered noise. These data cover a specific visitor’s reads of a category that
is below 3, thus making it impossible for the system to produce accurate recommen-
dations. The data are inserted into the backup schema, before their deletion and the
process is run every 15 days.

• Process reset_initdata, is performing cleaning tasks on the following tables:

– initdata, empty the table

– time_tid, empty the table

– day_tid, empty the table

– user_has_read, removing data stored 10 days ago

This process is run once every week, and before deleting data from themain database,
it inserts them into the backup schema described on a previous section.
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• Process reset_uhr_noise, resets the user_has_read table from data considered noise.
Since the recommendation system depends on JavaScript for the initialization of a
specific visitor, it is possible (although rare) that he/she has disabled such a feature
from the browser’s settings. This inaccurate data being stored into the user_has_read
table is deleted by the reset_uhr_noise process, which runs every day.

• Process produce_cossim, updates the nid_profile table, with the cosine similarities
of articles that has not yet been calculated. Because such a task is computationally
heavy, it is performed as a cron job that runs every 20 minutes.

• Process insert_cos_sims, is the one inserting data into the cosine_sim table of the
main database. This process is also run every 20 minutes.

• Process pl_problem_solver, aims in solving a common problem in recommendation
systems that are either content based or collaborative, the stability vs plasticity one
[14]. This problem occurs when after some time, the user’s preferences are difficult
to change, given the fact that a number of visits of the specific user have been doc-
umented. In order to prevent that behaviour in our system, the pl_problem_solver
process is run every 15 days. This process reduces the counters stored in cumula-
tive tables by 25% for those values that they have a big difference (>80%) with other
rows of the equivalent tables.

• Process run_queries, executes the update queries stored into a file, at the end of
every day. It was observed that during hours of heavy traffic for athensvoice.gr, the
recommendation system was returning results to the visitors slower than usual. To
remedy that we chose to separate insert queries (which are an important real-time
feature of the system), with the less critical ones, which are update queries. These
update queries are stored into a file, accessed by this process.

5.6 Custom Metric Description

As part of this work, a novel approach for evaluating of the effects of the recommenda-
tion system was developed. Due to the fact that this system is a hybrid one, offering its
recommendations using a number of criteria, the necessity to track the criteria by which a
visitor’s click on a recommendation occurred, emerged. To cover this need, we developed
a custom way of tracking this click, which we describe in this section.

This custom metric uses the visitor’s click as the main factor for the evaluation of the
recommendation algorithm. Along with the user’s click we also keep track of the criteria
by which the click was produced. This is used in order to assess the value of each of the
criteria deployed in the recommendation algorithm.

For us to be able to track the user that clicked a recommendation as well as the criteria
by which the recommendation was produced and the timestamp of the click, 2 new tables
were inserted into the database of the system developed. These 2 tables are identical
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in terms of fields, and only differ as to where the records of each one came from. We
distinguish these 2 tables by the device a visitor uses for his/hers browsing of Athens
Voice.

As we will describe in a later section in more detail, the recommendation algorithm de-
ployed in the system utilizes 5 criteria to make recommendations towards visitors. These
5 criteria are the following:

• Criteria 1 is the user’s profile based on the categories he/she reads when visiting the
website.

• Criteria 2 is the category’s profile based on the association between each one in the
website.

• Criteria 3 is the day and time profile based on the categories most frequently read
on a specific day of the week and time of day.

• Criteria 4 is based on the articles most read on a specific day.

• Criteria 5 utilizes the cosine similarity between 2 articles.

In order to track the clicks of a user a JavaScript function is attached to the onclick event
of every recommendation served by the system. This function takes as input the id of the
user, the id of the article of the specific recommendation and the criteria by which it was
produced. It sends this data to the server that hosts the recommendation system which in
turn inserts these values along with the current timestamp into the respective table of the
database. An example of this addition to the recommendations can be seen in figure 7.

Figure 7: Example of onclick JavaScript function

This method leads to 2 very useful insights for the recommendation system. By tracking
the clicks of each user, we can evaluate the use of our system in the website and be able to
see the amount of its positive effect in terms of CTR. Furthermore, by keeping track of the
criteria by which each click was produced, we are able to evaluate the effect each criteria
has on the system. As mentioned in a previous section, this leads to possible integration
of machine learning techniques within the recommendation system developed.
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6. RECOMMENDATION ALGORITHM
In this section, we describe the recommendation algorithm developed for the system. We
start with an overview of the data it collects and the way it is stored in both the system’s
database, as well as the visitor of the website. We go on to analyse their usage for the
system internally, and finally we describe how this data is evaluated, in order for the rec-
ommendations to be produced and returned to the visitor of athensvoice.gr.

6.1 System Data Overview

In this subsection, we will make a more analytical description of the data of the system
as to how this data is produced and how it is stored internally into the database of the
recommendation system.

In order for the visitor of the website to be uniquely identified by our system, a unique
id needs to be produced (cookieID). This is accomplished through a JavaScript function
running on the user’s end, every time he/she is viewing a web-page. This function initially
checks the user’s browser for the existence of a specific cookie. If it already exists, the
function renews its expiration date to one year in the future and returns the value. If it
does not exist, the function creates the id for the user and sets it in a cookie stored at the
user’s browser for future use.

The recommendation system also uses 2 url associated data:

• current url

• previous url

The above 2 urls are initially used by the system, for their insertion at the respective table
and after the communication with the Drupal system, they are translated into usable ids for
both the article and its category they designate. The returned data by the Drupal systems
along with the id of the specific user, are then used for the insertion and update of the
cumulative tables they affect.

Other data also used by the developed recommendation system are:

• day of the week

• time zone of the day

This information is used by the system, in order for the association of categories and
day and time to be produced. This feature is giving our system context awareness. As
mentioned in a previous section, each day is divided into 5 time zones:

• 02:00-07:59

• 08:00-12:59

• 13:00-16:59
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• 17:00-20:59

• 21:00-01:59

Another set of data that is being used, is the cosine similarities between articles posted
on athensvoice.gr. This is done by cron jobs running on the server that hosts the system,
and is exploited for the association of articles.

Algorithm 2 Algorithmic Overview of Data Handling
1: procedure User Visit
2: currentURL← current visited page
3: historyURL← previously visited page
4: if first time visitor then
5: recSysID← generate new user_id
6: else
7: recSysID← read recSysID value
8: RecSys renews cookie expiration date +1year
9: currentURL, historyURL, recSysID are sent to RecSys

10: RecSys communicates with Drupal to receive drupal_data
11: RecSys updates tables using currentURL, historyURL, recSysID,

current_timestamp, drupal data
12: RecSys produces recommendations for the user
13: RecSys returns recommendations

Figure 8: Algorithmic Overview of Data Handling

6.2 Data Usage

In the previous section, we analysed the data that the system collects. In the current one,
we focus on describing the way these data are used, in order for the final recommendations
to be produced.

The recommendations served by our system are based on the following criteria:

1. The user’s profile criteria, using information stored for each visitor’s categories and
articles read, presents the visitor with articles from categories he/she prefers. Out
of a total of 4 recommendations:

• 2, come from the user’s most read categories

• 2, from the rest read by the user

From the most read categories of the visitor, 2 recommendations are fetched that
the visitor has not seen during the past 3 days. The rest 2 recommendations from
this criteria, are chosen from categories the visitor reads, but are not below 20% of
the most read. The articles chosen in this way may go back up to 6 days.

2. The current category read criteria, using information stored about the correlation
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between categories of the website, retrieves articles from categories that are usually
chosen by visitors and have a strong relation with the current one read. Using this
criteria 3 recommendations are produced, excluding though the current one read by
the visitor, since due to the organization of each web page of athensvoice.gr he/she
is already presented with such choices.

3. The day and time of visit criteria, using the data associating the day of week and
time of day with the frequent categories read, recommends content from categories
usually accessed on the specific time and day. From this criteria 3 recommendations
are produced and presented to the visitor, giving the developed system context and
time awareness.

4. Themost read criteria, using the current day’s counters for reads, presents the visitor
with articles that are frequently being read on that specific day. This empowers the
system with the sense of trend for each day.

5. The cosine similarity criteria, using the cosine similarity value between the current
article being read and other available, suggests each visitor with articles that show a
high similarity with the current one read. This criteria produces 3 more recommen-
dations, which similarly to the rest criteria, excluding the ones already read by the
visitor.

6.3 Data Evaluation, Final Recommendations

During the past subsections we gave an overview of the data the system stores and uses,
and then we described the way this data is being used, in order for the 5 criteria on which
to base recommendations to be utilized. In this subsection we describe the way this data
is being evaluated and possibly further filtered so that the final recommendations to be
produced.

As mentioned on a previous section, although small, there are users of the website that
may have disabled cookies and/or JavaScript on their browsers. This leads to either null
entries as the id of each user or wrong data being inserted into the initdata table of the
system. Since these data may lead to inaccurate recommendations, as far as the user
profile goes, it was chosen to be deleted from the main system tables.

Among the information being stored by the recommendation system, is that of the previous
web page a visitor was viewing. As can be easily understood, this may be within the
athensvoice.gr bounds, or from external references, such as:

• google searches

• social media networks (facebook, twitter, etc)

• other sources

As described in another section, the system stores the id of the previous page the visitor
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was on. In order for that to be made possible with external sources, the following matching
was performed:

• facebook:-1

• twitter:-2

• google:-3

• other sources:-4

This makes it possible for the association between current and previous categories to
remain unchanged as a process, without having to make a special case if the visitor was
previously in athensvoice.gr or another website.

As mentioned in the section concerning the backend engine of the system, measures
are taken against the plasticity problem. This is done through cron jobs, and makes it
possible for association between categories as well as categories that a specific visitor
favours, remain unchanged by categories that are read only because they are popular for
a particular time period.

For the final recommendations to be produced, 5 criteria are being used:

• the user’s profile (4/15)

• the association of different categories (3/15)

• current day and time (3/15)

• cosine similarity between the current and other articles (3/15)

• most read articles of the day (2/15)

From the above criteria a maximum of 15 recommendations are returned, that do not in-
clude articles already read by the specific visitor. Due to the fact that it is possible that
a criteria does not return its maximum amount of articles, the difference is passed down
to the next criteria. For example, if from a specific user’s profile, instead of 4, 2 recom-
mendations are returned, the remaining 2 are passed to the category profile criteria, from
which 5 recommendations are expected and so on.

Algorithm in figure 9, shows the recommendation algorithm in an abstract algorithmic way.

6.4 System Complexity Overview

In the previous sections we described the recommendation algorithm in terms of the data
it stores, the way this data is being used and how they are evaluated in order for the final
recommendations to be produced. In this section we perform a complexity analysis of
our recommendation system. We divide this analysis in 2 axis: one based on the script
running, and another based on the time elapsed for the execution of each part of the script.
We chose to do this analysis on the following 3 scripts, which are the ones performing the
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Algorithm 3 Algorithmic Overview for Recommendations Produced
1: procedure Produce Recommendations
2: maxUP← 4
3: final_recommendations← {empty}
4: recommendationsUP← maxUP recommendations from user profile
5: maxCP← 3
6: if count(recommendationsUP)<maxUP then
7: maxCP+← (4−maxUP)
8: recommendationsCP← maxCP recommendations from category profile
9: maxTDP← 3

10: if count(recommendationsCP)<maxCP then
11: maxTDP+← (3−maxCP)
12: recommendationsTDP← maxTDP recommendations from time/day profile
13: maxCSP← 3
14: if count(recommendationsTDP)<maxTDP then
15: maxCSP+← (3−maxTDP)
16: recommendationsCSP← maxCSP recommendations from cosine similarity table
17: maxMR← 2
18: if count(recommendationsCSP)<maxCSP then
19: maxMR+← (3−maxCSP)
20: recommendationsMR← maxMR recommendations from most read of day
21: final_recommendations← distinct(recommendations of all criteria combined)
22: return final_recommendations

Figure 9: Algorithmic Overview for Recommendations Produced

heavier work:

• initdata.php, the script that stores the data for each visitor of the website, and his/hers
preferences

• render.php, the script responsible with calculating and serving back the recommen-
dations for each user

• run_queries.php, the script running as a cron job, that handles inserts and updates
to the database that are not important to be done in real-time

6.4.1 initdata.php

In this section, we show the complexity of the initdata.php script, which handles the storage
of data for each visit of each user of the website. We analyse the complexity of this script
in terms of the time elapsed for its execution in 2 scenarios, the average one, in which the
user has visited the website before and the association between the categories he reads
has already been calculated, thus having fewer inserts and updates to be done towards
the database in real-time, and the worst case one, in which the user has never visited the
website before, and the data stored in the cumulative tables has never been calculated
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before so more queries than the average scenario have to be performed.

Using the big O notation, the complexity of this script is:

O(n)

where:

• n, is the number of commands performed

In order to track the time of the execution, we define the following:

TotalTime = t(includes)+t(query_generation+file_insertion)+t(query_execution)+t(func_calls)

where:

• t(includes), is time needed for the necessary includes

• t(query_generation+ file_insertion), is the time needed for the script to generate the
queries that are then inserted into the respective file to be performed through a cron
job

• t(query_execution), which depicts the time needed for the execution of queries which
are run real-time

• t(func_calls), is the remainder time elapsed for the execution of the script, and in
which function calls are made

Figure 10, shows the time of execution (in milliseconds) for each part of the script in both
average and worst case scenarios.

t() Average Case Worst Case
t(includes) 0-1ms
t(query_generation+ file_insertion) 0-15ms 0-10ms
t(query_execution) 450-750ms 900-2700ms
t(func_calls) ∼300ms
TotalTime 750-1066ms 1200-3011ms

Figure 10: Execution time in milliseconds for initdata.php

As can be seen from the above table, in the average case scenario, the execution time of
the script is about 1 second (varying from 0.7-1) whereas in the worst case one, it varies
from 1.2-3 seconds if none of the queries can be cached to performed later.

6.4.2 render.php

Similarly to our work in the previous section, we analyse in this the complexity for the ren-
der.php script. This script is responsible for calculating and serving the recommendations
to each visitor of the website. Again we use 2 scenarios, the best case one, where the
visitor has never visited the website before and as a result, there are 2 operations less to
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calculate, and the average case one where he/she has already visited the website before
and all of the criteria and calculations have to be done. The worst case scenario in this
script is the average case one where all the criteria are in use.

Using the big O notation, the complexity of this script is:

≤ O(n2)

Since there are nested iterations which at most will be executed without reaching the break
statement.

For the tracking of the execution time of the script, we define the following:

TotalTime = t(fetch_uhr_articles)+ t(recs_generation)+ t(remove_duplicates)+ t(render)

where:

• t(fetch_uhr_articles), is time needed to fetch the article the current user has already
read

• t(recs_generation), shows the amount of time needed to generate recommendations
for the visitor using the 5 criteria of the system

• t(remove_duplicates), is the time for the removal of possible duplicates in the rec-
ommendation array

• t(render), is the time needed for the rendering of data

Figure 11, shows the time of execution (in milliseconds) for each part of the script in both
best and average case scenarios. As can be seen, the execution time of the script varies
from 0.3-0.8 seconds. As mentioned in a previous section effort has been placed, in
order to keep this time as minimal as possible, since the time window allowed for the
recommendations to be seen by the visitor of the website is very strict.

t() Best Case Average Case
t(fetch_uhr_articles) 0ms 80-165ms
t(recs_generation) 365-585ms 435-660ms
t(remove_duplicates) 0-1ms
t(render) 0-1ms
TotalTime 365-587ms 515-827ms

Figure 11: Execution time in milliseconds for render.php

6.4.3 run_queries.php

The run_queries.php script is a script running as a cron job on the server hosting the
recommendation system at the end of each day and executes the queries stored on a
specific file, which even though useful for the system, do not need to be executed real-
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time.

Since in the file accessed by the script, INSERT and UPDATE commands are stored and
executed sequentially, the complexity is:

O(n)

where:

• n, is the number of commands to be executed

In order to calculate the execution time of this script, we should note the number of com-
mands stored in the file, which may vary from 1,041,530-1,060,924 which are the min-
imum and maximum values for the commands stored in the respective files during the
week: 12/10/2015 - 18/10-2015. Having an average of 250ms for each query, the total
execution time of this script is: 72.3-73.5 hours!

This result signifies accurately the importance of performing the non-crucial SQL com-
mands offline, using 1 connection to the SQL server, which if performed real-time would
severely increase the execution time of the initdata script, and as a result have a number
of hanging connections to the server, which are not necessary. As mentioned on a previ-
ous section, we remedy this by storing update queries (and inserts into the initdata table)
in a file, which is accessed by this script at the end of each day.
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7. RESULT ANALYSIS
In this section we present the results of the use of the system at the website of athensvoice.gr.
We start by a general overview of the statistics, and then we go on to analyse the results
using the Google Analytics service. At that point we present the results when the system
is in use as well as when the system is deactivated. At the next subsection, we describe
the custom metric that was developed as part of this thesis, and we conclude the section
by presenting the results as they were documented using this tool.

It should bementioned at this point that the results presented in this section are concerning
the following time periods:

• General statistics: 22/04/2015-22/08/2015

• Google Analytics data, with the system in use: 24/07/2015-24/08/2015

• Google Analytics data, with the system deactivated: 29/09/2015-30/09/2015, com-
pared with the data of the previous week

• Custom metric developed: 10/09/2015-22/09/2015

The rest of this section is organized as follows:

1. We present the general statistics of the data stored into our recommendation system.
This is done to show a general overview of the traffic of the website the system is
used into, as well as to show the amount of data used by the system in order for it
to have the results described.

2. We move on to analyse the results of the system’s integration into the website of
Athens Voice, using Google’s Analytics service. This is done in order to both present
the results using a third-party tool, as well as show the recommendation system’s
importance by deactivating it for a limited period of time and studying the results.

3. We describe the results of the system’s integration using the custom metric we de-
veloped. This is done so that we show the total number of clicks made to recom-
mendations served by our system. Using this metric we move on to analyse the
performance of each criteria deployed within the recommendation system by taking
into account the number of clicks each has offered.

4. We conclude this section by studying the benefits this system has offered by being
integrated within the website of Athens Voice. This is performed by analysing 2 sce-
narios, best and worst case ones, for the clicks made to recommendations served by
our system. These 2 scenarios are then analysed economically, in terms of average
advertisement revenue, in order to present the reader with the economic benefits of
this integration into a live website.
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7.1 General Statistics Overview

In this subsection we present general statistics of the system and the data it has stored,
that cover a 4 month period (22/04/2015-22/08/2015). The total data collected concern
27.718.535 user’s visits, without counting the ones considered noise. From these data,
stored in the initdata table, is where the rest of the system’s tables were created.

The data from which the users profiles were created, came from these of the navigations
of visitors between articles, that are: 10.393.173.

The category profiles that are stored by the recommendation system, are 13.693. These
data have to do with the association of categories between them.

The data that are being used in order to exclude already read articles by the visitors of
athensvoice.gr are: 19.188.534. These data are also used in order to populate other
tables of the database of the system.

The unique users for whom data has been collected until 22/08/2015 are: 1.562.134.

The data that show the navigations of users from article to article, are: 401.885. Whereas
the cosine similarities between articles that have been calculated are: 53.406.449. These
2 sets of data combined with these of the profile of articles (nid_profile, 126.740 records)
are the ones with which the respective criteria makes its recommendations.

For the use of the day and time criteria, data from 4 tables are being accessed. Two
of them concern the association between day, time and the categories being read. The
amount of data stored in these tables is: 5.909.469 for the day and 6.494.281 for the time.
From these tables the respective cumulative ones are produced which until 22/08/2015
have a total of 3.373 records inserted in them.

We should finally mention that the data that were considered as noise were: 398.639.
Figure 12 shows the number of records in each table of the system.

7.2 Analysis using Google Analytics

In this subsection we analyse the effects of the system on athensvoice.gr using Google
Analytics. We start by comparing a 1 month period of the use of the system with the same
month of the previous year. We do this analysis for both distinct categories of visitors
based on the device used. In order for our analysis to be complete we also deactivated
the system for 2 days and we compare the data provided by Google’s service against
those of the previous week, while the system was being used.

Google Analytics is a service provided by Google for websites and applications, for a
complete tracking of traffic. It can be used for the following:

• observation and documentation of traffic of a website for a specified period of time

• presentation of a number of statistical data for traffic, such as demographics
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System DB Table Records
initdata 27.718.535
user_from_to 10.393.173
tid_profile 13.693
user_has_read 19.188.534
user_profile 1.562.134
user_from_nid_to_nid 401.885
nid_profile 126.740
cosine_sim 53.406.449
day_tid 5.909.469
time_tid 6.494.281
day_profile 1.910
time_profile 1.463
noise 398.639
Total 125.616.905

Figure 12: Data Statistics of the System

• unique users of website

• total page views, and average page views per user

• average time a user spends on the website

• new and returning users

• technologies used by visitors in terms of operating system, browser, device, etc.

• referrals and other means the users access web pages from

• real time tracking of a website traffic

As can be seen by the above data, the service used for the analysis provides more than
enough, in order for it to be thorough.

7.2.1 System in Use Analysis

In this section, we present the effects of using the system developed on athensvoice.gr.
We do this by comparing a 1 month period (24/07/2015-24/08/2015) to the same period of
the previous year (24/07/2014-24/08/2014). We perform this comparison to try and stay
as much unaffected as possible by the change of users behaviour, for which the season
and day plays an important factor. All of the comparisons are performed by separating the
users into 2 groups, those that access Athens Voice using a desktop or tablet, and those
using a mobile device. This is done because the web page differs for each device.

We start by showing the results of the use of the recommendation system, for desktop and
tablet users. Figure 13 shows an overview chart of the increase of pages/session for the
visitors of Athens Voice. It should be noted that this increase is despite the 9.58% decline
of the total users of the website for this specific period of time.
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Figure 13: Chart for Desktop/Tablet visitors

Figure 14: Percentage Increase for Pages/Session (Desktop/Tablet visitors)

Figure 14 shows the same increase of pages/session as a percentage, for this group of
visitors. As can be seen by the figure, we have an approximate of 74% increase of the
average pages viewed by visitors.

The following 2 figures, give us some insight as to how the same metric was affected for
mobile device visitors of the website. Again we can see an increase in pages/session by
this group of visitors, which although is smaller than the one of desktop and tablet users.
It should be noted at this point that the total amount of traffic by mobile device users for
this period of time was higher than the one of the previous year.
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Figure 15: Chart for Mobile Devices visitors

Figure 16: Percentage Increase for Pages/Session (Mobile Devices visitors)

7.2.2 System Deactivation Analysis

In order for the analysis of results to be as unaffected as possible by the changes in time
and the general increase of internet users, we deactivated the system for 2 days, and
made the same comparisons using Google Analytics for the same days of the previous
week. The above scenario was executed for 29/09/2015-30/09-2015 and is compared
with the data of 22/09/2015-23/09/2015.

Figure 17 shows an overview of the change in pages/sessions for the users of athensvoice.gr.
It compares the data it has collected for the 2 days of the deactivation as opposed to those
the system was being used. As can be seen by the figure, this metric has decreased dur-
ing the period the system was deactivated, whereas the number of desktop and tablet
users has increased on the website, and the respective one for mobile device users has
dropped.
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Figure 17: Comparison chart deactivated/activated System

Figure 18 shows the samemetric in terms of percentage, as it was documented byGoogle’s
service. In this figure the decrease in pages per session is visualized in a more compre-
hensive way. The website of athensvoice.gr experienced an overall 6.31% drop which
can be further analysed as a decrease of almost 11% for desktop and tablet users and
2.85% for mobile device users.

Figure 18: Percentage Increase for Pages/Session with System activated

From the above 2 figures the effects of the system on the website can be easily seen.
It offers an overall increase of 6.3% in terms of pages per user, which in turn affect the
total page views of the website, as well as the average time spent on the website for each
visitor (as depicted in figure 19)
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Figure 19: Average time spent on website during deactivation of system

7.3 Custom Analysis

In this section we analyse the data collected by the metric we developed. Similarly with
the Google’s analysis, we divide the results presented by taking into account the device
used by the visitor of Athens Voice. The data collected and analysed, are of a 12 day
period (10/09/2015-22/09/2015).

First we will analyse the results, as documented by the custom metric developed, in terms
of absolute numbers. In figure 20 we show the performance of each of the criteria embed-
ded into our system (y-axis), over the number of clicks they have produced (x-axis). As
seen on the respective figure, desktop and tablet users prefer as criteria, that of the cate-
gory profile one. The number of clicks produced by this specific criteria, is almost double
of the ones of the next (which is based on the most read articles of the day). A very impor-
tant factor to take into account at this point is that the number of recommendation served
by each criteria differs, as described in previous sections. That being said, the ”most
read” criteria, statistically is the one that serves the least number of recommendations (2).
Despite that fact, desktop and tablet users, prefer it over the rest 3.
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Figure 20: Click criteria choice for desktop/tablet users

Figure 21, shows the same analysis, for mobile device users. As we can see, the results
differ than those documented for the other group of users. For mobile device visitors, the
user profile criteria is the one that attracts the highest number of clicks, with the category
one coming second. The rest 3 criteria are pretty close to each other, having a maximum
of about 1,700 clicks as difference.
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Most read
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Figure 21: Click criteria choice for mobile device users

The above 2 figures, show the way criteria clicks are distributed, for the 2 groups of users
of athensvoice.gr. A total of 74,030 number of clicks were documented for the specified
period of time, out of which an approximate of 40,000 are those of the mobile device
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visitors and the rest for the desktop and tablet ones. With the exception of the category
profile criteria, the rest show a fluctuation as far as their absolute numbers are concerned.
However this can be easily explained, due to the common behaviour differences between
the 2 groups of users.

17.9%

User Profile

35.8%
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Most Read

17.3%
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Figure 22: Percentages of click criteria by athensvoice.gr desktop/tablet users
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Figure 23: Percentages of click criteria by athensvoice.gr mobile devices users

Figure 22 and 23, show the same data in terms of percentage, whereas, figure 24, shows
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what the percentage of the criteria clicks documented by our assessmentmetric is through-
out devices.

In figure 24 we present the overall performance of each of the criteria deployed into our
recommendations system. This is done regardless of the device each visitor is using. We
use this figure in order to show the importance of each criteria in our system in terms of
the percentage over the total number of clicks collected. As can be seen by figure 24,
the criteria that has given the system the most clicks, is that of the association between
categories of the website. With a minor difference in terms of absolute numbers (a little
above 5,000 clicks) the user profile criteria is chosen very frequently by athensvoice.gr
visitors. The most read criteria and the one that takes into account the cosine similarity
of articles, are close to each other (10,636 and 9,437 number of clicks respectively), and
the criteria less frequently chosen by visitors of Athens Voice, is that of day and time.

29.96%

User Profile

35.57%
Category Profile

7.11%

DayTime Profile

14.49%

Most Read

12.85%

Cosine Similarity

Figure 24: Accumulated percentages of click criteria by athensvoice.gr visitors

Another interesting factor to take into account, is the way the recommendations of the
system are being clicked, based on the time of day. Figure 25 shows this data, and as can
be seen, the time of day, greatly affects the clicks on recommendations, which is increased
as the day progresses. As we can see by this figure, the recommendation clicks start off
low during 02:00-07:59, which is logical if we take into account the decrease in the total
number of visitors at that time. During the day 08:00-20:59, we experience an increase of
almost 3 times as compared to the numbers of the previous time period. Finally we have
the 21:00-01:59 time period of each day, in which the highest number of clicks are been
shown.
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Figure 25: Clicks on recommendations based on time of day

7.4 Benefits of Integration

In the previous sections we analysed the results of our system’s integration within the
website of athensvoice.gr. In this section, we will present the benefits of its integration in
terms of both absolute numbers as well as economic values.

In order to make this analysis we will investigate 2 scenarios, best and worst case ones.
The best case scenario is the one in which all of the clicks made to recommendations
produced by our system would not happen if our system was not live. The worst case
scenario we will investigate is that only 25% of those clicks occurred due to the integration
of our recommendation system.

Prior to our analysis, we should calculate the number of impressions produced in the best
case scenario on a one month period. As we have shown in the previous section, during
the 12 day period, a total of 74,000 impressions were documented. Assuming that the
same behaviour was documented for the rest 18 days of the month, we have a total of
185,000 new page views.

Before moving on with our analysis, it should be noted that at the website of athensvoice.gr
there are 6 slots for advertisement banners into each page (1 skin, 1 728x90 banner, 3
300x250 banners, 1 text link). These slots, if sold by the advertisement department of
Athens Voice, have an average CPM (cost per million impressions) of 1.5e, based on the
web page position they are shown.

Revenue (/month) Worst Case (46,250 impr.) Best Case (185,000 impr.)
From 1 banner 69.38e 277.5e
Total from 6 banners 416.3e 1,665e

Figure 26: Economic benefit of integration in best/worst case scenario

Michail Papakonstantinou 53



A Hybrid Approach to Recommendation Systems using Multiple Criteria

The table in figure 26 depicts the economic benefits of our system’s integration into the
website of Athens Voice. Based on the above economic values we can calculate the yearly
turnover of our recommendation system as follows:

• 4,994e, in the worst case scenario.

• 19,980e, in the best case one.

It should be noted at this point that the above figures are proportional to the following 4
factors:

1. Athens Voice’s website monthly traffic, should our system be integrated into a web-
site with higher or lower monthly traffic, these economic values will change accord-
ingly.

2. Number of recommendations served in total and design. These economic values
were calculated given the fact that a total of 15 recommendations were served.
Should the total number of recommendation increase or decrease the economic ben-
efits will change accordingly. Moreover, since the design of a web page plays an
important role in a user’s behaviour, we believe that if the recommendations served
were changed in design these numbers will also change.

3. Placement of our system’s recommendation on the web page. We believe that the
slot in which our recommendations are shown plays an important part to them being
viewed and clicked by visitors. Should this placement change, the economic values
presented on this section will also change.

4. Total number of advertisement slots on web page and average CPM. The above de-
scribed economic values were calculated for the website of athensvoice.gr. Shoudl
our system be integrated into a website that has a higher or lower number of adver-
tisement slots or these slots are sold at a different CPM on average, these numbers
will change accordingly.
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8. CONCLUSION AND FUTURE WORK

8.1 Conclusion

In this work we developed a hybrid approach to recommendation systems, in which multi-
ple criteria was used and collaborative and content-based filtering techniques were com-
bined. The novelty of this approach is due to the way the combination of techniques is
done, through the 5 criteria chosen as the base of the recommendation algorithm, its real-
time deployment on a live website and the custom metric developed.

This work was deployed on a live website, that of athensvoice.gr, and served its recom-
mendations real-time. As a result of this, the time allowed for the recommendations to be
calculated and served back to the visitor, was limited, and special care was taken in order
for it to be as reduced as possible. On the upside, the training, run and assessment of the
recommendation system was done using real-time data.

Moreover, a custommetric was introduced, in which the tracking of the criteria by which the
recommendation chosen by each user was performed. In this way, we gave the system
developed a self-assessment method, and to us a useful tool, to perform our analysis over
the results.

The use of our recommendation system on the website of athensvoice.gr, lead to an av-
erage increase of 6.3% in the number of web pages viewed by a visitor, or in terms of
numbers, to a total of almost 74,000 clicks(page views), in 12 days.

8.2 Future Work

In the future, we plan on expanding our recommendation system in various ways, as
depicted below:

• by embedding social media features, we intend on accessing demographic charac-
teristics of each visitor, data that can be used both for a new criteria in our algorithm,
as well as a new analysis method for our results.

• experiment with the acceptance by visitors of articles already read into the recom-
mendations served.

• by using the location of the user, along with the one the article is about, we would like
to explore the results of applying such a criteria in our recommendation algorithm.

• we would also like to experiment with different spots on the web-page for the rec-
ommendations to be shown, in order to find the one that serves the best results, and
possibly leading to a custom page for each visitor of the website.

• finally, by using our custom metric tool, we plan on integrating into our system, ma-
chine learning approaches, that use the data collected by the tool developed, in order
to adapt the number and order of the recommendations served by each criteria.
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A. TRACKER SCHEMA TABLE DESCRIPTION

Figure 27: Table initdata.

Table initdata has the following fields:

• id, primary key for the table

• currentURL, current url visited

• cookieID, unique id given by the system for the visitor

• timestamp, timestamp of the visit

• history, previous url visited

• isMobile, 1 or 0 if visitor is using a mobile device or not

Figure 28: Table user_from_to.

Table user_from_to has the following fields:

• id, primary key for the table

• cookieID, unique id given by the system for the visitor

• tidCurrrent, current category id

• tidHistory, previous category id

• timestamp, timestamp of the click
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Figure 29: Table user_has_read.

Table user_has_read has the following fields:

• id, primary key for the table

• cookieID, unique id given by the system for the visitor

• nid, article id

• tid, category id

• timestamp, timestamp of the read

• url, url of the article

Figure 30: Table user_from_nid_to_nid.

Table user_from_nid_to_nid has the following fields:

• id, primary key for the table

• cookieID, unique id given by the system for the visitor

• nidCurrrent, current article id

• nidHistory, previous article id

• timestamp, timestamp of the click

Figure 31: Table user_profile.
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Table user_profile has the following fields:

• id, primary key for the table

• cookieID, unique id given by the system for the visitor

• tid, category id

• tidCount, number of times read

Figure 32: Table time_tid.

Table time_tid has the following fields:

• id, primary key for the table

• cookieID, unique id given by the system for the visitor

• from_to, timezone in which the read happened. One of the values:

– 02:00-07:59

– 08:00-12:59

– 13:00-16:59

– 17:00-20:59

– 21:00-01:59

• tid, category id

Figure 33: Table time_profile.

Table time_profile has the following fields:

• id, primary key for the table

• timezone, timezone in which the read happened

• tid, category id
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• tidCount, number of times read

Figure 34: Table tid_profile.

Table tid_profile has the following fields:

• id, primary key for the table

• tidCurrent, the current category read

• tidHistory, previous category

• times, number of times current was clicked right after history

Figure 35: Table nid_profile.

Table nid_profile has the following fields:

• id, primary key for the table

• nid1, id of the first article

• nid2, id of the second article

• times, number of times nid1 and nid2 were clicked successively

• cos_sim, cosine similarity between the 2

Figure 36: Table cosine_sim.

Table cosine_sim has the following fields:
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• id, primary key for the table

• nid1, id of the first article

• nid2, id of the second article

• cos_sim, cosine similarity between the 2

Figure 37: Table day_tid.

Table day_tid has the following fields:

• id, primary key for the table

• cookieID, id of the visitor

• day, day of the week

• tid, category id read

Figure 38: Table day_profile.

Table day_tid has the following fields:

• id, primary key for the table

• day, day of the week

• tid, category id read

• tidCount, number of times read

Figure 39: Table node_counter.

Table node_counter has the following fields:
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• nid, id of the article

• totalcount, total number of reads

• daycount, today’s reads

• timestamp, timestamp of last read
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B. CLICK TABLE DESCRIPTION

Figure 40: Table click.

Table click, has the following fields:

• id, primary key for the table

• cookieID, unique id given by the system for the visitor

• nid, id of the article selected by the visitor

• timestamp, timestamp of the click

• criteria, criteria by which the recommendation was produced. One of the following:

– 1, if the recommendation was produced using the user’s profile

– 2, if the recommendation was produced by the category’s association with an-
other

– 3, if the specific day and time was used

– 4, if the article is one of the most read of the day

– 5, if cosine similarity was used in order to recommend it
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