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Abstract—Collaborative filtering (CF) is currently the most
popular technique used in commercial recommender systems.
Algorithms of this type derive personalized product proposi-
tions for customers by exploiting statistics derived from vast
amounts of transaction data. Traditionally, basic CF algorithms
have exploited a single category of ratings despite the fact that
on many platforms a variety of different forms of user feedback
are available for personalization and recommendation. In
this paper we explore a collaborative feature-combination
algorithm that concurrently exploits multiple aspects of the
user model like clickstream data, sales transactions and explicit
user requirements to overcome some known shortcomings of
CF like the cold-start problem for new users. We validate our
contribution by evaluating it against the standard user-to-user
CF algorithm using a dataset from a commercial Web shop.
Evaluation results indicate considerable improvements in terms
of user coverage and accuracy.
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I. INTRODUCTION

Recommender systems (RS) are an important aspect of e-
commerce infrastructures that help to deliver a personalized
shopping experience to users. They support customers by
retrieving items from a large product catalog that will most
probably match their interests and/or needs. In contrast to
general information filtering applications, RS provide prod-
uct proposals to users based on preference information about
what they are looking for [1]. Collaborative filtering (CF)
relies on human judgements i.e. items’ ratings to determine
the proximity of users’ tastes [2], [3]. Traditionally Pearson
correlation or the cosine between rating vectors are used as
similarity metrics. In a second step, recommendations are
computed based on positively rated items of the most similar
neighbors of a given user.

In many commercial situations these user judgements are
collected automatically, requiring no explicit user input. For
instance sales transactions or pageviews can be interpreted
as implicit ratings and exploited by collaborative filtering
systems. Amazon.com [4] is the most prominent example
of this type of system, providing implicit advice to users
browsing the online shop such as Users who bought this
item a, also bought items b and c.

Although quite popular, such collaborative recommenders
suffer from several shortcomings. For instance, when rating
tables are rather sparse computed similarities between users
have only limited meaning. Furthermore, observations of
first-time or anonymous users can only be exploited to a
limited degree making it difficult to determine similar peers.
This is also known as the cold-start problem for new users.

However, most current research on CF systems focuses on
optimizing system accuracy for users with 20 or more ratings
which is rather impractical for application domains where
returning online visitors cannot be recognized or where few
ratings can be collected. Therefore, this paper focuses on an
approach that simultaneously considers multiple features for
personalization, namely implicitly and explicitly collected
forms of user feedback, such as navigation actions and
the context the user is currently in. Instead of exploiting
only a single category of ratings for determining similar
users and making recommendations, we present a hybrid
recommendation approach that utilizes a diverse range of
input data. Furthermore, it dynamically exploits only these
types of rating input that optimize the predictive accuracy
of the system. This approach was subsequently verified
with transaction data collected over a period of 14 months
from a real-world Web shop, exploiting relationships like
Users who were in the same situational context like you
and who navigated like you have, actually bought item a
and demonstrating that the hybrid outperforms the standard
approach in terms of user coverage as well as accuracy.

Section II gives an overview of related work and the
hybrid algorithm framework is presented in Section III. Fur-
thermore, the evaluation methodology and results obtained
from tests on a commercial dataset from the cigar domain are
described in Section IV. Finally, conclusions are presented
in Section V.

II. RELATED WORK

According to Burke [5] five different paradigms of RS ex-
ist. Collaborative filtering [2], [3], [6] is the most prominent
approach and exploits similarities inherent in explicit and
implicit rating information derived from users. In compari-
son, demographics-based approaches determine user similar-
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ity solely on user characteristics such as age, income or edu-
cation [7]. While collaborative and demographic information
filtering methods do not require any additional product
information, content-based filtering techniques depend on
item representations in the form of vectors of words or
feature-value pairs [8]. Those items in the catalog that are
most similar to a query or to the user’s profile are then
recommended. Knowledge and utility-based approaches also
require product knowledge. While the previously mentioned
methods typically follow a one-shot interaction style, i.e.
items are recommended with or without explicit user request,
knowledge and utility-based methods rely on preference
elicitation dialogues that explicate the users’ needs and their
contextual requirements [9], [10], [11], [12]. Knowledge-
based RS then interpret deep domain knowledge in the form
of mappings between abstract user preferences and required
product characteristics [12]. Utility-based RS are compara-
ble to their knowledge-based counterparts in the sense that
they produce recommendations based on user preferences
and product knowledge. However, utility-based systems do
not possess explicit mapping rules but require definitions
of utility values that specify how product characteristics
contribute to the fulfillment of given user requirements [5].
Note, that this paper focuses solely on collaborative filtering
methods and how they can be extended to better address
’cold start’ problems. A comparative analysis between differ-
ent recommendation methods such as variants of knowledge-
based RS as well as collaborative and content-based filtering
has been done in [13].

A considerable amount of work addresses the problem
of providing recommendations for anonymous Web users or
the ’cold start’ recommendation problems for new users of
collaborative filtering in general. For example, Mobasher et
al. [14] exploit Web usage data for personalized pageview
recommendations and employ a clustering approach to in-
crease system performance. This paper also focuses on
binary Web usage data, however it differentiates between
different types of usage information. Therefore, the approach
is also related to the a-community spaces model, where dif-
ferent user features termed «; are employed for determining
similar users [15]. Nguyen et al. determine clusters of similar
users according to feature a; and use a rule-based induction
approach to derive recommendations from the corresponding
cluster. As the method in [15] employs 'cold’ user features
like demographics it is capable to recommend items to users
that have not provided ratings to the system, yet. The method
presented in this paper can be seen as an improvement to
[15] as it dynamically decides for each user which features
are exploited.

Schein et al. [16] propose a single probabilistic framework
that combines content and collaborative data to address cold-
start recommendations. However, they clearly focus on the
‘new item’ problem, while this approach addresses the 'new
user’ problem when deriving personalized recommendations

for anonymous Web users. Jin et al. [17] introduced the
idea of an automated weighting scheme for ratings. Their
algorithm exploits the variance of ratings within different
clusters of similar users.

Adomavicius et al. [18] presented extensive work on the
use of contextual information in recommender systems and
developed a multi-dimensional data warehouse approach that
allows ratings to be predicted according to user context.
Our work is related in the sense that it introduces differ-
ent categories of ratings that may also contain contextual
information. However, while [18] have to cope with more
sparse rating tables, the approach taken in this paper exploits
additional types of rating information in order to address
sparsity problems caused by anonymous Web users.

Breese et al. [19] and Sarwar et al. [20] conducted
extensive evaluations on partly commercial datasets and
compared different algorithm variants. The methodology and
evaluation design used to validate the approach proposed
here is based on these works as well as on [21].

III. COLLABORATIVE FEATURE-COMBINATION HYBRID

Many hybrid algorithm designs have been explored in
order to overcome various shortcomings like the cold start
problems or data sparsity. Burke’s taxonomy [5] enlists
seven techniques for creating hybrid algorithms based on
pure recommendation paradigms. Combining different input
features is one option while other hybridization designs pro-
pose for instance running several recommenders in parallel
and aggregating their results or feeding the output of one
recommender into another one.

The feature combination hybrid presented here consists of
a single recommender that utilizes a diverse range of input
data administered by a generic user modeling component
[22]. Basu et al. [23] proposed a feature combination hybrid
that combined collaborative features such as user’s likes and
dislikes with content features of catalog items. As a result
they identified new features like users who like dramas to
determine similar peers within the community.

In contrast, our approach does not invent new features
but assumes an array of different feature categories like
navigation actions or sales transactions and decides dynam-
ically for each user which of these categories to exploit
in order to achieve the best predictive behavior within the
recommendation engine. Formally, we assume that Rgop,,y
returns a set of ratings on the domain dom for user wu.
For instance navigation actions (nav), viewed items (view),
items added to the shopping basket (buy) or the context
the user is currently in (ctx) are examples of different
rating domains. The latter may be derived from a user’s
input to preference elicitation dialogues or search forms
that are interpreted as unary ratings on keywords and short
phrases and constitutes a valuable source for personalization
as shown in [24]. For instance in our cigar example domain
if a user is searching for a gift or replies no experience
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if asked about smoking experience these terms indicate the
user’s intention and context.

When presented with a new user, a traditional CF ap-
proach would only use ratings from a single category and
compute similar users from the available community trans-
actions using a similarity metric. In this paper we employ
cosine similarity. Thus, similarity between users u and v is
derived from the cosine of their respective rating vectors R,,
and R,.

R. xR,

o u X Ity

COS(RU,RU) = = (1)
[Rul > [ Ryl

Note, that in case users explicitly rate items on a multi-point
Likert scale Pearson coefficient would yield better results as
the average rating values for each user are also taken into
account.

Consequently, recommendations are derived by a function
reccr(i,u) that computes a recommendation score for item ¢
from u’s neighborhood of users IV, (i.e. the set of peers from
the community that are most similar to ). The neighborhood
size is typically limited by a parameter k, i.e. |N,| < k, and
an item’s score is derived from the similarity of peers that
rated it positively.

ZUGNU score;

recer(i,u) = A , where 2)
—_ =
cos(Ry,R,) :1E€R,
score; , =
' 0 : else

Thus, for each user u, a recommendation system RS will
thus output a list of the n top scoring items.

RS(u,n)={i1,...,iky...,4n}, Where 3)

Vk score;, o > 0 A score;, o > scoreg, | u

While the aforementioned pure collaborative filtering ap-
proach considers only a single set of ratings, a feature com-
bination hybrid (fch) digests several rating sets R, from
d different domains or categories and computes similarity
between peers as a weighted sum over all d categories.

—_—
simgen (u,v) = de x coS(Rau, Rd,v) 4)
d

Note, that wy represents a weighting factor for the rating
domain d. The idea of associating some form of weight to
specific user ratings is not new. For instance, Herlocker et
al. [21] discuss the idea of associating a user’s confidence
and strength in a specific rating and Jin [17] propose the
automated computation of weights depending on a rating’s
variance in different user clusters. However, both do not
consider different types of rating categories per se.

In addition, some additional dynamic aspect was intro-
duced. The algorithm implementation adaptively differenti-
ates between the input from the different rating domains

based on an additional decision criteria. First, rating do-
mains are prioritized based on their predictive power. Some
domains are highly predictive like the user’s context or
actual purchases, but these rating categories are not always
available in sufficient numbers. On the other hand, implicit
user feedback like navigation actions is more abundant
but more noisy and thus not so valuable for determining
similar peers and making predictions. Therefore, an adaptive
approach is proposed that selectively includes rating sets
as recommendation input based on their predictive power.
The latter can be determined either by insight and domain
expertise or by empirical methods like offline experiments.
In subsection IV-C1 we give experimental results for the
employed dataset.

Formally, irrespective of the user R4, precedes (<) Rg,
if a CF recommender exploiting d; alone yields a higher
accuracy than taking only ds as rating input. Initially the
algorithm utilizes solely the input with highest priority, but
if it cannot derive the required number of recommendations,
additional lower priority rating sets are also included. Thus,
the algorithm initially starts with the highest priority rating
set as the threshold rating domain d; and relaxes it to lower
priority ones if necessary.

For instance, the system will attempt to compute n
recommendations for the given user based on user context
and actual purchases. It utilizes navigation actions only if
context and purchase information is insufficient to generate
the required number of recommendations.

Consequently, the enhanced feature combination hybrid
(fch*) algorithm computes similarities between users based
on the given threshold domain d;.

simypens(u,v,dy) = Z wq X c08(Rgn, Ran) ()
d=d;

Note that user neighborhood is determined analogously to
that of traditional CF. Thus, when computing the recom-
mendation score a given priority threshold on the rating
categories d; is assumed. In addition, when several different
rating domains are combined as input, the output range of
the recommendation system may also be varied, i.e. items
rated by similar peers can in principle be recommended.
Thus the output range of the recommendation function can
be configured to reflect a specific rating domain such as
viewed or bought items. The following equation therefore
uses the parameter R,.. to restrict candidates for scored
items to the desired rating set.

ZveNu score; .

recsens (4, U, di, dyec) = A , where (6)
u
Simeh" (u7 v, dt) ) S Rdrec,v j Rdt
score; y =
0 : else
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Table T
DIFFERENT FORMS OF USER FEEDBACK

User Rnav,u Ruiew,u Rctac,u Rbuy,u
Alice ni1,n2, ns 11, 13,95 ki1, k3 i1
Bob n3, nq 13, 15, 17 0 i3
Carol nsg, n3, n4a 42, i4, i5 ko, kg iq
Table 11
FEEDBACK FROM NEW USER
User Rnav,u Rview,u Rctz,u Rbuy u
Doreen ns, ng i5 ks

If the recommender does not derive the required number
of recommendations, the whole process is repeated after
relaxing d;, thus including additional rating input.

For illustrative purposes, let us consider an example based
on the community data in Table I. It presents examples of
the different feedback categories provided by several users.
Navigation actions n are implicitly observed activities of
the user, such as menu selections, while the user’s context
stems from entered keywords k that constitute explicit re-
quirements. Views and purchases are both - again implicitly
collected - ratings on items ¢ from the product catalog.
Obviously, views on the more details page of an item occur
more often than actual purchases.

When a new user enters the system little user feedback is
available as depicted in Table II. None of Doreen’s different
rating domains contain sufficient feedback to confidently
determine which user in Table I is most similar. However,
a feature combination approach may utilize all four types
of ratings as input. For this example we assume that all
rating types are uniformly weighted (wg = i) and that
the following precedence rule is applied: Rpuy < Retr <
Rviewv Rnav-

Thus the algorithm initially uses ctz as the threshold
domain to find similar peers and derive recommendations.
Note, R, is the highest ranked non-empty rating domain. It
can be easily shown that when comparing solely R, there
is no overlap between Doreen and any other user and thus
no similar peers can be determined. Therefore, the threshold
domain has to be relaxed to include the two lower ranked
domains view and nav in order to extend the rating base
considered for neighborhood formation. It turns out that
based on the cosine similarity metric user Bob (B) is most
similar to Doreen (D):

simgen~ (D, B,nav) = Z wg % cos(Ryq,p, Ra,p) =
d=<nav

1 1 1 1 1
- X04+-x04+4-x—+-x1=0.39
4 * 4 * 4 3 + 4
Therefore, if the algorithm only recommends items that have
been actually purchased by the similar peers, i.e. d, .. = buy,
then item ¢3 will be recommended to Doreen.

Table IIT
EVALUATION DATASET

Rbuy Rm’ew Rnav Rcta: R
Users 1697 1697 1432 66 1697
Items 320 395 51 78 446
Ratings 2756 22985 6640 677 29625
Avg. ratings/user 1,62 13,54 4,64 10,26 17,46
Sparsity 0,9949 09657 0,9091 0,8685  0,9609
[Rg,ul <2 585 1306 1260 66 1540
|Rd,u\ <3 248 1114 923 66 1435
[Rgul <5 60 916 571 66 1159
[Rq,ul <8 8 738 237 56 942
|Rd,u\ <12 2 568 78 16 752

In the next section the approach is evaluated using an
historical dataset collected from an e-shop for premium
cigars [25].

IV. EVALUATION

A comparative offline analysis on an historical dataset was
conducted in order to evaluate different feature combination
hybrid configurations. The purpose was to research the
following questions:

1) What is the accuracy of different forms of rating input
like navigation actions, pageviews and user context
when predicting purchases?

2) How does a feature-combination hybrid improve re-
sults in terms of accuracy and user coverage compared
to standard collaborative filtering?

3) What effect do varying weights and incremental inclu-
sion of additional rating input have on the accuracy
and user coverage of a feature combination hybrid?

The dataset used here was obtained from a commercial
Web shop offering luxury goods such as cigars, wine and
selected coffee blends. In addition to an online product
catalog navigable via a hierarchical menu, the shop environ-
ment also includes a conversational sales advisory system
that guides its users through the cigar selection process
and provides them with knowledgeable recommendations
and explanations. Users can therefore browse the platform
in a product-centric way and may disguise their needs
and requirements context in an online conversation. Users
anonymously interact with the site and provide their login
data only when placing an order. Therefore, the evaluation
exercise does not identify returning visitors and interprets
each visit as a separate user model. In the following we
give details on the dataset itself.

A. Dataset

The Web shop offers a catalog of close to 400 products.
Users may navigate through a two level menu hierarchy
with 19 top-level product categories. Seven of the top-
level categories are further structured into an additional
32 subcategories. Subsequently users must first click on
menu categories before they can access pages with detailed
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product descriptions. In addition, there is a conversational
recommender system available that allows users to explicate
their contextual requirements and retrieve appropriate prod-
uct items. Over a period of 14 months we collected product-
oriented pageviews (R,;ew), accesses to menu categories
(Rpav), user input to the conversational recommender (R.;,)
as well as added products to their shopping basket ().
As the evaluation of algorithms requires a success criteria,
we restricted the more than 45,000 distinct user visits to
those that concluded with an online purchase. Note that each
anonymous online visit represents a distinct *user’ in our ter-
minology. Table III gives size and structure of the evaluation
dataset. The columns represent the different rating categories
that were collected, while the rightmost column R describes
the aggregated rating sets that encompass pageviews, menu
navigation and user requirements. Clearly the number of user
sessions with at least n = 2, 3, 5, 8 or 12 ratings during
their visit is higher for the aggregated rating set than for
any single rating category alone. Furthermore, the ratio of
observations per user is highest when ratings are aggregated
from the different categories. The sparsity of the evaluation
dataset is quite high because the total number of items also
increases. Note that both navigation actions and different
explicit requirements are encompassed by the term item.
The sparsity of each rating domain was computed with the
following formula [21]:
sparsity =1 — ﬂ
U] > |1

Note, that for the purpose of replaying the experiments
or comparing the proposed method to other approaches
the dataset is available for download at http://islifit.uni-
klu.ac.at.

B. Methodology

In order to answer the research questions, the historic
user data was utilized as input to the proposed algorithm.
The evaluation followed the Given n method where n user
ratings, i.e. the learning set, was randomly selected as input
for determining similar users. The algorithms’ goal was to
correctly predict the actually purchased items of users, i.e.
the test set.

testsety, = Ryuy,u

|learnset,| =n A

testset, Nlearnset, =

Obviously, testset,, and learnset, may not overlap. Exper-
iments were performed following a leave-one-out evaluation
strategy where all but the current user are used for building a
user/item matrix. For each user u, experiments were repeated
ten times and given results are averages of all users and all

experiment runs. We used £ = 30 as an upper limit for the
k nearest neighbor approach. At most ten recommendations
(|recset,| = 10) were made, where only items from the
recommendation domain d,... were considered as candidates.
Recommendations that were contained in the testset were
assumed to be successful hits, i.e.

hits, = recset, N testset,

For each experiment scenario we varied the learning set
size such that n = 3,5,8 and 12. Note, that the number of
users that receive recommendations (User coverage) strongly
depends on n. For instance in a Given 3 scenario on
views observations exactly 3 viewed items are required for
initializing the learning set and therefore all users with
less than 3 views observations will definitely receive no
recommendations (consult Table III for details of dataset
observation frequencies).

The accuracy of recommendations was computed using
Precision (P), Recall (R) and F1 metrics [6], [21].

_ |hits,
" |recset,|

_ |hitsy|
 |testset,|
2-P-R
Fl=——-
P+R

The Precision metric gives the share of successful rec-
ommendations from the total number of computed recom-
mendations, while Recall metric computes the ratio of hits
according to the testing set size, i.e. the size of the testing
set constitutes the maximum number of hits. Therefore, we
consider Recall to be more relevant in our situation. The
average test set size is 1,6 (compare Table III - column
Ryyy). Consequently, if we could predict all items in the
testing set, Recall would be 100% but Precision could be
at most 16%. The F1 measure combines both Precision and
Recall. Another important metric in our evaluation is User
Coverage (Ucov).

> . [recset, > 0|
U]

It is defined as the share of users from the overall dataset
that received a non-empty set of recommendations during
the trial [21]. User Coverage is an especially important
metric in this experimental setting due to the sparsity of
user ratings and focuses on the algorithms’ ability to make
recommendations.

Ucov =

C. Results

1) Experimental setup 1: In our first experimental setup
we addressed the question: How appropriate are the different
types of rating input like pageviews, menu navigation and
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Table IV
CF ON SINGLE RATING DOMAIN, drec = buy, |U| = 1697

Experiment Ucov R P F1
ctx.given3 4,03% 3548%  5,46% 9,12%
ctx.given5 4,03%  35,86%  5,55% 9,28%
ctx.given8 3,30% 30,54%  4,91% 8,17%
ctx.given12 0,94%  34,69% 6,62%  10,63%
nav.given3 5439%  29,09%  5,39% 8,69%
nav.given5 33,64% 27,28%  5,73% 8,99%
nav.given8 1397% 24,78%  6,25% 9,42%
nav.given12 454%  21,86%  6,23% 9,02%
Table V

CF ON SINGLE RATING DOMAIN, dye. = view, |[U| = 1697

Experiment Ucov R P F1
ctx.given3 4,03%  3792%  5,53% 9,32%
ctx.given5 4,03% 40,73%  5,82% 9,85%
ctx.given8 330% 3539% 532% 8,94%
ctx.given12 0,94%  39,38% 7,50% 12,06%
nav.given3 54,39%  31,92%  5,96% 9,58%
nav.givenS 33,64%  3347% 6,96%  10,93%
nav.given8 13,97%  29,05% 7,29%  10,92%
nav.givenl2 4,54% 25,07%  71,31% 10,45%
view.given3 62,98% 34,26% 5,31% 8,83%
view.given5 58,27%  34,44%  5,61% 9,24%
view.given8 49,58%  3434%  5.81% 9,49%
view.given12 40,18% 34,79%  6,20% 10,02%

contextual requirements for neighborhood formation and
predicting shopping-cart actions?

As can be seen from Table IV-C1 and Table V all
three partitions reach Recall values between 20% and 40%.
Contextual requirements outperform all other forms of rating
input, but this data is only available for very few users
and thus user coverage is extremely low. We varied the
recommendation domain d,... between buy and view ratings,
as shown in Table IV-C1 (using user’s buy ratings) and
in Table V (view ratings). Thus, user similarities where
determined based on ctx, nav or view ratings, while buy
or view ratings of their nearest neighbors were exploited to
produce the actual recommendations. Note, however that the
testset always consists of the buy ratings of the respective
user. Interestingly, accuracy improved when using views as
recommendation domain (see Table V). Although this may
appear paradoxical at first glance, it can be explained by the
much higher sparsity of the buy rating domain compared
to the view ratings. Therefore, the view ratings in a user’s
neighborhood are more diverse and thus are more likely
to produce a successful prediction. Therefore, we used
drec = view in all further experiments.

With respect to our research question, we can say that
using user answers during preference elicitation dialogues
for similarity calculation allows us to provide the best
recommendations in terms of accuracy, followed by views
and menu observations. Furthermore, requiring more than
5 observations does not improve accuracy results a lot, but
obviously deteriorates User Coverage massively.

Table VI
FEATURE COMBINATION fch (UNIFORM WEIGHTS), drec = view,
|U| = 1697
Experiment Ucov R P F1
ctx+nav+view.given3 72,72% 31,88% 5,05% 8,37%
ctx+nav+view.givenS 61,17% 2945% 5,00% 8,17%
ctx+nav+view.given8 50,52%  26,84% 4,711%  7,64%
ctx+nav+view.given12  40,31%  25,07% 4,58%  7,36%
Table VII
FEATURE COMBINATION fch (NON-UNIFORM WEIGHTS), drec = view,
U] = 1697
Experiment Ucov R P F1
ctx+nav+view.given3 72,72%  32,19%  5,10% 8,47%
ctx+nav+view.givenS 61,11% 2834% 4,89%  7,94%
ctx+nav+view.given8 50,56% 27,92% 4,78%  1,79%
ctx+nav+view.givenl2  40,31%  2530% 4.,61% 7.40%

2) Experimental setup 2: The second goal of our evalua-
tion was to find out what improvements in terms of accuracy
and user coverage can be obtained using a collaborative
feature combination hybrid compared to a standard CF
exploiting only a single type of rating input.

In order to create a comparative situation between CF
using a single type of rating input (compare Table V) vs.
using ctx, nav and view, n different ratings were randomly
selected as the learning set and uniformly weighted, i.e.
Vd Wq = %

Table VI presents the performance of the feature com-
bination hybrids. As can be easily seen, User Coverage is
much higher and the feature combination hybrid used in the
Given 3 experiment can produce recommendations for 72%
of all user sessions which results in an increase of nearly
10% compared to the baseline algorithm CF on the view
input (see Table V). Despite the fact that accuracy decreases
slightly when different types of observations are arbitrarily
combined, the number of overall hits (i.e. correct predictions
for all users) was nevertheless increased by over 9% in this
scenario.

However, when the number of user observations increases,
Given n > 5, accuracy deteriorates sharply for the feature
combination hybrid and the baseline experiment design (see
Table V) catches up in terms of User Coverage.

We subsequently explored how weighting and prioritiz-
ing the rating domains impacts the overall performance
of the collaborative feature combination hybrid. As can be
observed in Table V, utilizing user’s contextual requirements
(ctx) resulted in the highest predictive accuracy followed
by view and nav rating domains. Therefore, we used the
following weights when combining different rating input:
Wete = 0.43, Wyiew = 0.35 and wy,q, = 0.22. Thus, the
user’s context is twice as important as navigation actions
and pageviews lie in between. Table VII presents the per-
formance of the feature combination hybrid using a non-
uniform weighting of input ratings. However, introducing
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Table VIII
FEATURE COMBINATION fch* (NON-UNIFORM WEIGHTS),
drec = view, |U| = 1697

Experiment Ucov R P F1
ctx+nav+view.given3 72,72%  35,13%  5,56%  9,22%
ctx+nav+view.givenS 61,17%  34,61% 5.82%  9,52%
ctx+nav+view.given8 50,56% 35,53% 599% 9,79%
ctx+nav+view.given12  40,31% 34,77%  6,17%  9,98%

weights led only to very slight improvements compared with
the experiments given in Table VI. Finally, the enhanced
feature combination hybrid fch* that exploits priorities on
the rating input is evaluated. The assigned ordering attributed
contextual requirements with the highest priority followed
by pageviews and navigation actions: R.;;, < Ryjew =
R, 4. Based on this algorithm configuration, the feature
combination hybrids not only achieved significantly higher
user coverage but also outperformed the baseline CF in terms
of accuracy (see Table VIII). Neither Recall nor Precision
deteriorated as n increased but remained approximately at
the same level. The reason for this lies in the priority scheme
that only takes lower priority rating input into account if
higher priority rating domains do not suffice to compute
the required number of recommendations. When analyzing
the results for the single rating domain input (Table V) we
can observe that accuracy deteriorates when users provide
more nav actions as implicit feedback. This is in contrast to
other rating domains where typically more information about
a user’s behavior does improve recommendation results.
Therefore, the fch algorithm variants (Tables VI and VII)
that exploit all three rating domains (ctx, nav and view) show
a comparable deterioration with increasing n for every user.
Due to the prioritization of rating domains where nav actions
are assigned the lowest priority, fch* only considers users’
navigation actions if no recommendations would otherwise
be computable.

Concluding, this evaluation of the proposed collaborative
feature combination approach showed that using different
types of implicit and explicit rating input yields better results
in terms of User Coverage and also in terms of accuracy. The
first result appeared likely from the beginning, i.e. additional
rating input increases a recommender’s potential to derive
recommendations. The second improvement is the result
of adaptive algorithm behavior which selectively combines
inputs with different predictive accuracy. It was achieved by
prioritizing rating domains and only exploiting additional
rating input when necessary as proposed by fch* algorithm.

V. CONCLUSIONS

This paper contributed an adaptive collaborative feature
combination hybrid that generalizes the popular collabo-
rative filtering recommendation approach to multiple cate-
gories of ratings. It combines several user inputs based on
a weighting and priority scheme that includes lower priority

ratings only when necessary to boost the algorithm’s User
Coverage. An evaluation on a commercial dataset clearly
supports the applicability of the approach and demonstrates
the possible improvements in terms of user coverage and
accuracy. The evaluation of this principle for other types
of rating input as well as in different application domains
remains for authors’ future work.
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