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Abstract — Recommender systems have become a common
way to help people navigate among increasingly more com-
plex selection options. Various recommendation algorithms
have been proposed and a lot of business solutions have
been built for applications such as selecting books, cinema,
video/TV program, restaurants, etc. However, there is no
simply best approach due to the high complexity and un-
certainty of the problem. Therefore, a recommender system
usually includes multiple different recommenders and ag-
gregates their recommendation results through a combiner.
In this paper, we discussed combining recommenders in the
framework of information fusion theory including rank fu-
sion, decision fusion, Dempster-Shafer fusion and estima-
tion fusion. Experiments results on the benchmark Movie-
Lens dataset [10] show that our proposed methods with fu-
sion techniques leaded to significant performance improve-
ments over the baselines models.

Keywords: recommender, rank fusion, decison fusion, D-S
fusion, estimation fusion, rating

1 Introduction

Recommender systems investigate user preferences to pro-
vide suggestions on items for purchase or consume in or-
der to increase sells or to improve user experience. Because
they are of great effects on reducing information overload
and provide personalized services to users, an abundant of
practical applications have been developed, such as Ama-
zon.com recommendation system of books, CDs, and other
products [5], movies recommendation service by Movie-
Lens [6], and news filter service at VERSIFI Technologies
(formerly Adaptivelnfo.com) [7]. Due to their great diffi-
culties, recommender systems constitutes a problem-rich re-
search area and have attracted many researchers from both
industry and academia since the appearance of the first pa-
pers on collaborative filtering in the mid-1990s [2], [3], [4].

In most common formulation, the recommendation prob-
lem is reduced to the problem of estimating ratings [8] for
the items that have not been seen by a user. Intuitively, this
estimation is usually based on the ratings given by this user
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to other items and on some other information. Once we can
estimate ratings for the yet unrated items, we can recom-
mend to the user the item(s) with the highest estimated rat-
ing(s). In general, the recommendation problem can be for-
mulated as follows: Let C be the set of all users and let S be
the set of all possible items that can be recommended, such
as books, movies, or restaurants. The space .S of possible
items can be very large, ranging in hundreds of thousands or
even millions of items in some applications. Similarly, the
user space can also be very large. Let u be a utility func-
tion that measures the usefulness of item s to user ¢, i.e.,
u: C xS — R, where R is a totally ordered set (e.g., non-
negative integers or real numbers within a certain range).
Then, for each user ¢ € C, we want to choose such item
x € S that maximizes the user’s utility. More formally:

argmax u(c, ) (1)

Vee C, Lg(x)= >ls

In recommender systems, the utility of an item u(c, x) is
usually represented by a rating r¢(z), which indicates how
a particular user liked a particular item, e.g., John gave the
movie “Harry Potter” the rating of 4 (out of 5). In general,
the utility is initially defined only on the items previously
rated by the users. Therefore, the recommendation engine
should be able to estimate (predict) the ratings of the non-
rated movie/user combinations and issue appropriate recom-
mendations based on these predictions. Once the unknown
ratings are estimated, actual recommendations of an item to
a user are made by selecting the highest rating among all
the estimated ratings for that user, according to (1). Alter-
natively, we can recommend the N best items to a user or
a set of users to an item. The new ratings of the not-yet-
rated items can be estimated in many different ways using
methods from machine learning, approximation theory, and
various heuristics.

A variety of techniques have been proposed for perform-
ing recommendation, which can be classified into three cat-
egories: content-based recommender, knowledge-based rec-
ommender, and collaborative filter (for details, see Section
2). Due to the high complexity and uncertainty of the prob-
lem, there is no simply best approach. Different recom-



mendation techniques have strengths as well as weakness
in practice.

In an attempt to achieve the better (or even best) recom-
mendation results, we would like to make a recommenda-
tion by combining the recommendations from a variety of
recommenders. By carefully designing the recommendation
fusion algorithm, we believe that the hybrid recommender
may be able to overcome the shortcoming of each individual
recommender and improve the overall system performance.
However, recommendation fusion is extremely difficult. For
example, recommendation scores from different techniques
may have totally different meaning. Some are probability
or posteriori probability measure, some are real values with-
out explicit meaning, and some are simply ranks. A direct
fusion of those numbers is meaningless. Besides, top recom-
mendation candidate set from different recommenders may
be poorly overlapped, which also introduces challenges to
build a large and highly confident recommendation set. In
this paper, we will discuss how to handle these challenges.
And we will also discuss several potential ways (e.g. rank
fusion, decision fusion, Dempster-Shafer fusion and estima-
tion fusion) to fuse recommenders, which may employ dif-
ferent recommendation techniques, or the same technique
with different feature sets or parameter settings, etc.

The rest of the paper is organized as follows. Section 2
will give a brief review of popular recommendation tech-
niques. In Section 3, 4, 5 and 6 we will discuss the rank
fusion, decision fusion, Dempster-Shafer fusion and estima-
tion fusion strategies for recommender system separately.
In each section, we will also show for each strategy how
we convert or align different recommendation scores to a
common baseline where the meaningful comparison or fu-
sion can be performed. The performance comparison on
the benchmark datasets MovieLens are studied in Section
7. Section 8 concludes the paper with some directions for
further research.

2 Recommendation Techniques

A variety of recommendation techniques have been pro-
posed by researchers and practitioners. In its most com-
mon formulation, the recommendation problem is reduced
to the problem of estimating ratings for the items that have
not been seen by a user. According to the approaches to es-
timate ratings, recommenders have the following categories
in general [9]:

e Content-based recommendations learn the user’s taste
based on the items that have been visited by the user.
The user will be recommended items similar to the ones
the user preferred in the past;

e Collaborative recommendations aggregate ratings, rec-
ognize commonalities between users or items on the
basis of their ratings, and generate new recommenda-
tions based on inter-user or inter-item comparisons.

e Knowledge-based recommendations employ the
knowledge about the user and the domain. For exam-

ple, the user could specify explicit information about
her preference.

In fact, each recommendation technique has its strengths
as well as weakness. Collaborative filters depend on overlap
in ratings across users and have difficulty when the space
of ratings is sparse. Content-based techniques also have a
start-up problem in that they must accumulate enough rat-
ings to build a reliable classifier. They are also limited by the
features that are explicitly associated with the objects that
they recommend. Knowledge-based recommendation tech-
niques require ahead of time knowledge acquisition by the
knowledge engineer. To avoid certain limitations of these
methods, it is preferred to combine the basic recommenders
in a hybrid approach to gain better performance with fewer
of the drawbacks of any individual one. Most commonly,
researchers focus on combining collaborative and contend-
based methods such that [8]:

e Implementing collaborative and content-based recom-
menders separately and combining their ratings into a
final one,

e Incorporating some content-based characteristics into a
collaborative approach,

e Incorporating some collaborative characteristics into a
content-based approach, and

e Constructing a general unifying model that incorpo-
rates both content-based and collaborative characteris-
tics.

In this paper, we propose several methods to combine rec-
ommendation ratings following but going beyond the first
aforementioned approach. Instead of just combining collab-
orative and content-based recommenders, our methods will
fuse any types of recommenders. Basically, we have four
different fusion strategies of combining ratings: rank fusion,
decision fusion, Dempster-Shafer fusion and estimation fu-
sion. In the following sections, we will discuss them in de-
tails.

3 Rank Fusion based Recommender
System
3.1 Rank and Normalization

Ranking a set of alternatives based on possibly conflicting
preferences is a central problem in the areas of voting and
social choice theory. Given a set of rankings (a ranking
is a linear ordering of a set of items), the task of rank fu-
sion is the problem of combining these lists in such a way
to optimize the performance of the combination [11]. The
rank fusion problem is encountered in many settings, one
prominent of which is metasearch. It deals with the prob-
lem of combining the result lists returned by multiple search
engines in response to a given query, where each item in
a result list is ordered with respect to a search engine and
query dependent relevance score [1]. Several ranking fusion



methods have been proposed in the literatures. They can be
classified based on whether: (i) they rely on the rank; (ii)
they rely on the score; and (iii) they require training data or
not.

Specifically, let €2 is a set of items, called universe. Given
the universe €2, a rank list 7 w.r.t. €2 is an ordering of a subset
S CQie, =[x >z >...> x|, witheach x; € S,
and > some ordering relation on S. If x; € ) is present in
T, written x; € 7, let 7(4) denote the position or rank of ;.

For a given rank list 7, with s7(¢) we will denote the real-
valued score assigned to item ¢ € U in 7. Without loss of
generality, we can assume that the higher the score the better
the rank 7(¢) of item ¢. More precisely, for ¢, j € S such that
i # j,if s7(i) > s7(j) then 7(i) < 7(j). A rank list for
which scores are provided will be called scored rank list.

Normalization is often applied before rank fusion in order
to uniform score distributions. It captures different mean-
ing of ranking lists to a unique framework for rank fusion.
Given a rank list 7 and an item ¢ € 7, with w™(7) we will
indicate the normalized weight of item x; € 7, where w™ (4)
is computed according to either score normalization (2), (3)
or rank normalization (4),(5).

e (Score normalization) The normalized score weight,
w7 (i), of an item ¢ € 7 is defined as
s (i) — minje, s7(j)
max;er s7(j) — minje, s7(j)

@

w’ (i) =
e (Z-score normalization) The normalized z-score

weight, w7 (7), of an item ¢ € 7 is defined as

wr(i) = S0 = Her (13; st

3

where - is the mean of the scores in 7 and o4 is

their standard deviation, i.e., j1sr = LI D))

|T
and o = \/ﬁ 2jer (57() — msr)?

e (Rank normalization) The normalized rank weight,
w7 (i), of an item ¢ € 7 is defined as

7(i) — 1

w (i) =1- 7l

“

e (Borda rank normalization) The normalized Borda
rank weight, w7 (i), of an item ¢ € Q w.rt. R is de-
fined as

1_— T(%_l
w' (i) = \T‘|l1

1
7t 2-1Q]

ifier

&)

otherwise

3.2 Rank Fusion

For an item z; € (2 in the recommender system, the rec-
ommendation from a recommender 7 is usually represented
by a rating 7 (¢), which indicates the relevance between an

item and users’ choice. Suppose the item set in the recom-
mendation system is
(6)

Q={z1,29,...,21}

the output of each basic recommender 7 will be a list of
ratings

RT ={r"(1),77(2),...,r"(k)} (7

Recommendation fusion (recommender combiner) is to
integrate the local recommendations 7y, ..., 7n, i.e., the lo-
cal ratings R7, into a single recommendation 7, i.e., a single
list of ratings R = {#(1),7(2),...,7(k)} through informa-
tion fusion techniques. Then the system will recommend to
the user the items with the highest estimated ratings.

Although any local ratings R™ indicates the relevance be-
tween items and user’s choice. They may have different
formats according to different local recommendation tech-
niques. Some are probabilities or posteriori probabilities;
some are real valued numbers with possibly different range,
and some are simply ranks. In order to capture the different
meanings of ratings R” into a unique framework for most
of fusion algorithms, we had better cover the ratings to the
same format using one of the techniques (2)-(5) introduced
in rank fusion above. In the following, without specific men-
tion, the local ratings R” are already covered to the same
format if they are originally different.

Rank fusion considers a set n rankings R = {7,...,7,}.
Let € denote the union of the items in 74, ..., 7, 1.e., Q =
UreRra;er{i}. Let 7 denote the fused rank list, and s7 (i)
the fused score for each item z; € Q, as 7 will be ordered
according to decreasing values of s7.

The most popular rank fusion method is the linear combi-
nation of the normalized weight, i.e., for an item i € €Q, the
fused score s7 (4) is defined as

sT(i) = h(i, R)Y - ) ap - w" (i)

TER

®)

where (i) all the rank lists 7 € R have been normalized
according to the same normalization method; (i))h (i, R) =
{7 € R:x; € T}| is defined as the rank hits of i w.r.t. a
set of rankings R, which illustrates that the more partial
rank lists rank the same item, the higher this item should
be ranked in the fused list. (iii)y € {0, 1} indicates whether
hits are counted or not; and (iv) ZTE r0r=1land a; >0
indicates the priority assigned to the rank list 7.

In fact, recommendation fusion can be directly formu-
lated to the rank fusion problem by define the scores or the
ranks from the ratings in the recommendation lists. We can
either directly treat rating as the score in the rank fusion, i.e.,
s7(i) = r7(4); or take the list of ratings in the recommenda-
tion and converted it to the rank list according to its rating
values, i.e., if 77 (i) < r7(j), then 7(¢) < 7(j) fori,j € Q.
Also, the items set of the recommendation ) can be either
the union of the items in a list of base recommendations,
ie., Q = Urcpa,er{i}; or the top rated items in the list,

i'e" Q= UTGR,miET,TT(i)>a{i}'



For recommendation fusion, we firstly apply score nor-
malization (2), (3) or rank normalization (4), (5), then use
rank fusion method (8) to obtain the fused score s7 (7). The
scores can now be used to generate the final recommenda-
tion list, i.e., the higher the score the higher rank an item
should appear in the final recommendation list.

4 Decision Fusion based Recom-
mender System

For an item z; € {2 to be recommended, basically, we need
to evaluate its relevance to user’s choice which could be
used to generate multiple decisions (classes, hypotheses),
Hy, Hy, ...,H,,. Here, H could be binary values (1-like,
0—dislike) or multiple values (user’s rating 1,2,...,5).

Each local recommender 7 employs the mapping rule

0 if Hy is declared
' 1 if H; is declared
ur =-(r" (i) = . :

m if H,, is declared

and passes the quantized information w., to the fusion center.
Then, the recommendation fusion is the distributed decision
fusion problem which try to reach a global decision ug =
~o(u) that favors H;, j = 1,2, ..., m based on the received
local decisions u = (w1, Uz, ..., Uy).

In fact, Bayesian decision (classifier) is to minimize the
Bayesian cost function [12]

§R = ZP(U = Z|H Zj)CiJ'

.3

®

And usually, the cost parameter c;; = { é z f i . So, the

Bayesian decision is

H= arg;naX{P(u|Hi) - P(H;)}

For distributed Bayesian decision, given the local deci-
sions u = (uq, us, ..., uy,), the fused decision is
(10)

ug = argmax{P(u1,us,...,u,|H;)  P(H;)}

= argmax{P(u1|H;) - P(u1|H;) - ... P(up|H;)
Hv

i

Specifically, for binary decision, Chair and Varshney [13]
presented an optimum data fusion structure which combines
the decisions from the individual detectors while minimiz-
ing the overall probability of error. Basically, it weights In-
dividual decisions according to their reliability, and then a
threshold comparison is performed to obtain the global de-
cision. R

H=1
1-Py,

31 |uslog —5

P F;

Pr < Py
B log &>
—Pr; > Py

H=0
where Py = P(Hy), P, = P(H;) are prior probabilities of

+ (1 —uj)log T

the two hypotheses, and Pr, Py denote the probabilities of
false alarm and miss of detection respectively.

All of the probability functions could be obtained by em-
pirical probability obtained at training phase. Based on the
definition above, the fused decisionug = 5,5 =1,2,...,m
reflects the item relevant to the user’s preference and could
be directly used to generate the final recommendation list.

S Dempster-Shafer Fusion based

Recommender System
5.1 Dempster-Shafer Theory

In the last section, we formulate the recommendation fusion
as the decision fusion problem. And the fusion algorithms
have the strongest foundation, Bayes theory. This theory is
based on the classical ideas of probability, and has at its de-
posal all of the usual machinery of statistics. Compare with
Bayes thoery, Dempster-Shafer theory [14] [15] attempts to
allow more interpretation of what uncertainty is all about.
The D-S theory deals with measures of ’belief” as opposed
to probability. It can be interpreted as a generalization of
probability theory where probabilities are assigned to sets as
opposed to mutually exclusive singletons. In D-S theory, ev-
idence can be associated with multiple possible events, e.g.,
sets of events. As a result, evidence in D-S theory can be
meaningful at a higher level of abstraction without having
to resort to assumptions about the events within the eviden-
tial set.

There are three important functions in D-S theory: the ba-
sic probability mass function (m), the Belief function (Bel),
and the Plausibility function (PI). Formally, the description
of m on the power set 1)(S) of S can be represented with

2. Any E € (S),m(E) > 0,and >, m(E)=1.
Ee(S)
Also, for all sets E' € ¥(5),
Bel(E) = > m(B)
B|BCE
PIE) = > m(E).
B|BNE+#£¢

The two measures, Belief and Plausibility are non-additive.
This can be interpreted as is not required for the sum of all
the Belief measures to be 1 and similarly for the sum of the
Plausibility measures. In fact, the precise probability of an
event lies within the lower and upper bounds of Belief and
Plausibility, respectively, i.e., Bel(E) < P(E) < PI(E).

5.2 The Dempster Rule of Combination

The Dempster rule of combination is critical to the origi-
nal conception of Dempster-Shafer theory. The measures of
Belief and Plausibility are derived from the combined ba-
sic probability mass function. Specifically, the combination



m is calculated from the aggregation of multiple probability
mass function my,mo, ..., m, in the following manner:

Y I

Ei€u(S) k=1
N Ei=E

i=

m(E)

an

S 11 ma(E

E;ed(S) k=1
N Eio

where C' = ;) is a normalization factor.

5.3 Dempster-Shafer Fusion for Recom-
mender Combiner

To employ Dempster-Shafer theory on recommendation sys-
tem, the key is to define the probability mass function m.,
for each local recommender 7. Here, (2 is the set of items to
be recommended, and () is power set of {). For an item
x; € Q,1=1,...,k, we assign the mass function on the
power set ¢ (§2) as

k
m-({z:}) = rT(i)/ZrT(y) (12)

m-(A) = 0 forAe€y(Q)and A +# {z;}

where 77 (7) is the rating output from each recommender 7.

With the Dempster rule of combination (11), the local
mass functions from recommenders {m, ms, ..., m,} are
fused as m. And the evaluation of an item x; € () by the
fused mass function m({z;}) can be used to generate the
final recommendation list.

6 Estimation Fusion based Recom-
mender System

Estimation fusion is the problem of how to best utilize use-
ful information contained in multiple sets of data for the
purpose of estimating an unknown quantity. For the rec-
ommender system, the goal is to estimate user’s preference
rating 7(7) to an item x; € . We treat the output of each lo-
cal recommender r7 () as the local estimate 77 of the user’s
preference to an item x; € ). With the unified observation
model defined in [16],

w7 =) + (] —r@) =r@) +(=r7) 13

where the estimation error — 7: acts as the observation noise.
And the noise variance is cov( T) = Py.

The recommendation fusion is to integrating the local es-
timates Y = [f}, 72 ... 7¥] to the fused estimation 7; of
the relevance an item z; € § and user’s choice. This is
obviously an estimation fusion problem.

At the fusion center, only linear unbiased estimation fu-
sion is considered; that is, we consider the most commonly
used linear estimation method: best linear unbiased estima-
tion (BLUE). It is also known as linear minimum mean-
square error (LMMSE), linear minimum variance (LMS), or

linear unbiased minimum variance (LUMS) estimation [16].
It is defined by, for the available information Y at the fusion
center,

P = E*[r(i)[Y] = (vﬁ+ Crapy Cy (Y = Y)
= F(Z) + C, (i )yc (14)
MSE(r;) = E[(r(i) — 7:)(r (i ) —7i)’]
= Cris) — CriyyCy ' Cliayy
where T(Z) = E(r(i)), Cru) =cov(r(7)),

Criyy =cov(r(i),Y) and Cy =cov(Y) are prior in-
formation.

For BLUE, when cov(—7]',—7?) = 0 and
cov(r(i),—r') = 0, the optimal LMMSE estimation
fusion is

(Z )/Zpk (15)
kll g

”Zﬁ

k=11t

Now the fused user’s preference rating estimation 7; could
be used to generate the final recommendation list directly.

MSE(r;)

7 Experiments

To evaluate the potential benefit of information fusion based
recommender systems, we performed a series of experi-
ments using the benchmark datasets MovieLens [6].

The MovieLens dataset contains 1 million ratings on the
scale of 1 to 5 from 6040 customers on 3900 movies. The
variables we used to predict unknown ratings include user
identification number ¢ € C, movie identification num-
ber x; € (, rating r(i), and genre g. Here, g is a nomi-
nal value with 18 options, such as, *Action’, Adventure’,
’Comedy’, ..., etc., which can identify a group of related
movies. On average, each user rated about 130 movies.
And totally around 25% of movies have at least 3 genres.
In the study, we only consider the movies with 3 genres, i.e.,
G = [g1, g2, g3], and select the first 100 users for testing.
For each user, we randomly select 2/3 of rated movies for
training and another 1/3 rated movies for testing.

In order to evaluate various fusion strategies for the rec-
ommender system, we perform the rating estimation based
on each genre under MMSE criteria, i.e.,

= E(r()|gm) m=1,2,3and x; € Q (16)

Therefore, for each user, we obtained 3 lists of rating esti-
mations R™ = [f{", 75", ..., 71"]. We test our recommender
combiner strategies by combine the local estimated ratings
R', R? and R3 to the final rating R. The final combined
ratings are either used to create the top rated movie lists, or
compared with movies’ true ratings.

Since the true rating value r(¢) is among {1,2,3,4,5},

multiple different programs may share one rating value. For



Table 1: The performance comparison on MoiveLens dataset.

Top N valued List | Single genre based rating estimation Rank fusion Rank fusion Rank fusion Decision | D-S fusion | Estimation
Genre 1 Genre 2 Genre 3 (score norm.) (Z-score norm.) (Borda norm.) fusion fusion
a=5 FAR 0.2941 0.4146 0.4268 0.2549 0.2551 0.2497 0.2538 0.2617 0.2611
MR 0.4812 0.5958 0.5998 0.4464 0.3806 0.4549 0.4456 0.4470 0.4480
a=4 FAR 0.1300 0.1496 0.1757 0.0973 0.1029 0.0981 0.0970 0.1013 0.0958
MR 0.2083 0.2680 0.2881 0.1756 0.1469 0.1768 0.1735 0.1781 0.1751

performance evaluation, we set a value « to generate the top
rated item sets S in the recommendation list, i.e.,

S={z:z;€Qandr(i) > a}

and N = | S| represent the number of items in top rated list
S.

For performance comparison, we use the following two
criteria

e (FAR): false_alarm_rate = the number of false positive
items in the top N rated list / the length of predicted list.

e (MR): missing_rate = the number of missing items in
the top N rated list / the length of true list.

Table 1 presents the performance comparison of rank
fusion, decision fusion, D-S fusion and estimation fusion
strategies for recommender system by choosing o = 5 and
a = 4 respectively. Particularly, we compared 3 normaliza-
tion methods (2), (3) and (5) for rank fusion; and considered
binary hypotheses for an item z; € 2 by define H;: in the
top N rated list, Hy: not in the top N rated list, for decision
fusion.

The results did show that all fused recommendations
greatly eliminate the false positive and missing items in
the predicted top list. There is no clear winner among the
propose fusion strategies for recommendation fusion in this
study. But user can always choose the comparibly better
stragegies given a particular recommendation problem.

8 Conclusions

Recommender systems have great potential in many applica-
tions. It also brings researchers many challenges. Although
many techniques have been proposed for the problem, no
single method can work well in all situations. Therefore,
combining recommendation ratings from multiple recom-
menders is a widely used approach to improve the system
performance. In this paper, we systemically apply various
information fusion methods to combine recommenders. Our
experiments on benchmark dataset demonstrate that infor-
mation fusion theory is able to significantly improve the rec-
ommendation system performance. In the future, we plan to
explore more information fusion techniques in the area.
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