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Abstract— In this work, we will provide a brief review
of different recommender systems’ algorithms, which have
been proposed in the recent literature. First, we will present
the basic recommender systems’ challenges and problems.
Then, we will give an overview of association rules, memory-
based, model-based and hybrid recommendation algorithms.
Finally, evaluation metrics to measure the performance of
those systems will be discussed.
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I. Introduction

RECOMMENDER Systems were introduced as a
computer-based intelligent technique to deal with the

problem of information and product overload. They can be
utilized to efficiently provide personalized services in most
e-business domains, benefiting both the customer and the
merchant. Recommender Systems will benefit the customer
by making to him suggestions on items that he is assum-
ably going to like. At the same time, the business will be
benefited by the increase of sales which will normally occur
when the customer is presented with more items he would
likely find appealing.

The two basic entities which appear in any Recom-
mender System are the user (sometimes also referred to as
customer) and the item (also referred to as product in the
bibliography). A user is a person who utilizes the Recom-
mender System providing his opinion about various items
and receives recommendations about new items from the
system.

The input to a Recommender System depends on the
type of the employed filtering algorithm. Various filtering
algorithms will be discussed in subsequent sections. Gen-
erally, the input belongs to one of the following categories:
1. Ratings (also called votes), which express the opinion of
users on items. Ratings are normally provided by the user
and follow a specified numerical scale (example: 1-bad to
5-excellent). A common rating scheme is the binary rating
scheme, which allows only ratings of either 0 or 1. Ratings
can also be gathered implicitly from the user’s purchase
history, web logs, hyperlink visits, browsing habits or other
types of information access patterns.
2. Demographic data, which refer to information such as
the age, the gender and the education of the users. This
kind of data is usually difficult to obtain. It is normally
collected explicitly from the user.
3. Content data, which are based on a textual analysis of
documents related to the items rated by the user. The
features extracted by this analysis are used as input to the
filtering algorithm in order to infer a user profile.
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The goal of Recommender Systems is to generate sugges-
tions about new items or to predict the utility of a spe-
cific item for a particular user. In both cases the pro-
cess is based on the input provided, which is related to
the preferences of that user. Let m be the number of
users U = {u1, u2, ..., um} and n the number of items
I = {i1, i2, ..., in}. Each user ui, where i = 1, 2, ...,m, has
a list of items Iui

for which he has expressed his opinion
about. It is important to note that Iui

⊆ I, while it is
also possible for Iui to be the null set, meaning that users
are not required to reveal their preferences for all existing
items. Also, the count of items in Iui is ni, or ni = |Iui |,
with ni ≤ n. User opinions are generally stated in the
form of a rating score. Specifically, the rating of user ui

for item ij , where j = 1, 2, ..., n, is denoted by ri,j , where
each rating is either a real number within the agreed nu-
merical scale or ⊥, the symbol for ”no rating”. All these
available ratings are collected in a m x n user-item matrix,
denoted by R. The proposed filtering algorithms employ
various techniques either on the rows, which correspond
to ratings of a single user about different items, or on the
columns, which correspond to different users’ ratings about
a single item, of this user-item matrix. We distinguish a
single user ua ∈ U as the active user and define NR ∈ I as
the subset of items for which the active user has not stated
his opinion yet, and as a result, for which the Recommender
System should generate suggestions.

The output of a Recommender System can be either a
Prediction or a Recommendation.
• A Prediction is expressed as a numerical value, ra,j ,
which represents the anticipated opinion of active user ua

for item ij . This predicted value should necessarily be
within the same numerical scale (example: 1-bad to 5-
excellent) as the input referring to the opinions provided
initially by active user ua. This form of Recommender Sys-
tems output is also known as Individual Scoring.
• A Recommendation is expressed as a list of N items,
where N ≤ n, which the active user is expected to like the
most. The usual approach in that case requires this list
to include only items that the active user has not already
purchased, viewed or rated. This form of Recommender
Systems output is also known as Top-N Recommendation
or Ranked Scoring.

II. Challenges and Problems

In this section we will discuss the fundamental problems
that Recommender Systems suffer from. It is important for
each new filtering algorithm proposed to suggest solutions
for those problems.

Quality of Recommendations: Trust is the key word here.
Customers need recommendations, which they can trust.
To achieve that, a recommender system should minimize
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false positive errors, i.e. products, which are recommended
(positive), though the customer does not like them (false).
Such errors lead to angry customers [1].

Sparsity: It is usual in e-business stores that even the
most active customers have purchased or rated a very lim-
ited percentage of products, when compared to the avail-
able total. That leads to sparse user-item matrices, inabil-
ity to locate successful neighbors and finally, the generation
of weak recommendations. As a result, techniques to re-
duce the sparsity in user-item matrices should be proposed
[2] [3].

Scalability: Recommender Systems require calculations,
which grow with both the number of customers and the
number of products. An algorithm, that is efficient when
the number of data is limited, can turn out to be unable
to generate a satisfactory number of recommendations, as
soon as the amount of data is increased. Thus, it is crucial
to apply algorithms, which are capable of scaling up in a
successful manner [3].

Loss of Neighbor Transitivity: Assume that user ui and
user uk correlate highly, and user uk also correlates highly
with user ul. Then it is a possibility that users ui and
ul correlate highly too, via their common correlation with
user uk. Nevertheless, such a transitive relationship is not
captured in Collaborative Filtering systems, unless users
ui and ul have purchased or rated many common items. It
is important to employ methods in order to capture such
relationships [4].

Synonymy: Recommender Systems are usually unable
to discover the latent association between products, which
have different names, but still refer to similar objects. A
method should be employed to inquire the existence of such
latent associations and utilize it in order to generate better
recommendations [5].

First Rater Problem: An item cannot be recommended
unless a user has rated it before. This problem applies to
new items and also to obscure items and is particularly
harmful to users with eclectic tastes. It is also known as
the Cold Start Problem [6] [7].

Unusual User Problem: It is also known as the Gray
Sheep problem. It refers to individuals with opinions that
are ”unusual”, meaning that they do not agree or disagree
consistently with any group of people. Those individuals
would not easily benefit from recommender systems since
they would rarely, if ever, receive accurate predictions [2].

III. Recommender Systems using Memory-Based
Methods

In the following paragraphs, we will describe the recom-
mendation process for systems that are utilizing memory-
based algorithms, meaning that they operate over the entire
user-item matrix, R, to make predictions. The majority of
such systems belong in the Collaborative Filtering (CF)
Systems category and mainly deal with user-user similar-
ity calculations, meaning that they utilize user neighbor-
hoods, constructed as collections of similar users. In other
words, they deal with the rows of the user-item matrix, R,
in order to generate their results. The main steps of this

process are Representation, Neighborhood Formation and
Recommendation Generation.

A. Representation

In the original representation, the input data is defined as
a collection of numerical ratings of m users on n items,
expressed by the mxn user-item matrix, R. As mentioned
earlier, users are not required to provide their opinion on
all items. As a result, the user-item matrix is usually
sparse, including numerous ”no rating” values, thus making
it harder for filtering algorithms to generate satisfactory re-
sults. Techniques, whose purpose is to reduce the sparsity
of the initial user-item matrix, have been proposed in order
to improve on the results of the recommendation process.
Such techniques will be discussed here.

A.1 Sparsity Reduction Techniques in the Recommenda-
tion Process

Default Voting

In the simplest technique used to reduce the sparsity of
the user-item matrix, we simply insert a default rating, d,
for appropriate items for which there exist no explicit rat-
ings. ”Appropriate” is the key word here, meaning that
it is wise to choose the matrix entries where the default
ratings would be inserted. Nevertheless in [8] where this
technique is proposed, the authors do not specify where the
default ratings will be inserted. In most cases, the value for
default rating, d, is selected to be the neutral or the some-
what negative preference for the unobserved item. The cost
of applying the method of Default Voting is rather low.

Preprocessing using Averages

This is an extension to the Default Voting method, pro-
posed in [3]. The basic idea, again, is to scan through the
user-item matrix and replace missing values by using some
naive non-collaborative methods that provide a simple rat-
ing.

In the user average scheme, for each user, ui, we compute
the average user rating, r̄i, which is expressed by the aver-
age of the corresponding row in the user-item matrix. The
user average is then used to replace any missing ri,j value.
This approach is based on the idea that a user’s rating for a
new item could be simply predicted if we take into account
the same user’s past ratings. It can be formally stated as:

ri,j =
{

r̄i, if user ui has not rated item ij
r, if user ui rated item ij with r

In the item average scheme, we utilize the item average,
r̄j , of each item, ij , as a fill-in for missing values ri,j in
the matrix. Specifically, we calculate the column average
of each column in the user-item matrix, and fill all slots of
the same column that have no value, denoted by ⊥, using
that average:

ri,j =
{

r̄j , if user ui has not rated item ij
r, if user ui rated item ij with r
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The claim behind the item average scheme is that an item’s
average ratings can predict a user’s opinion on that same
item.

Applying either the user average or the item average
scheme on every missing value of the user-item matrix will
lead to a new, complete matrix, where the impact of spar-
sity is totally removed. On the other hand, highly scal-
able matrix computations or statistical methods, such as
LSI/SVD discussed in subsequent sections, are more diffi-
cult to employ in a fully dense user-item matrix.

In the composite scheme the collected information for
items and users both contribute in the final result. The
main idea behind this method is to use the average of user
ui on item ij as a base prediction and then add a correc-
tion term to it based on how the specific item was rated
by other users. The correction is necessary if we take into
consideration the way that different users state their pref-
erences: a user may rate all items in a scale of 1-3, giving a
3 to items he liked most, while another user may be more
lenient, grading in a scale of 3-5.

The scheme works like this: When a missing entry re-
garding user’s ui opinion on item ij is located, we first
compute the user average, r̄i, calculated as the average of
the corresponding user-item matrix row. Then we look for
existing ratings in the column which corresponds to item
ij . Assuming that a set of l users, L = {u1, u2, ..., ul}, has
provided a rating for item ij , we can compute a correction
term for each user up ∈ L equal to δp = rp,j− r̄p. After the
corrections for all users in L are computed, the composite
rating can be calculated:

ri,j =

{
r̄i +

∑l

p=1
δp

l , if user ui has not rated item ij
r, if user ui rated item ij with r

An alternative way of utilizing the composite scheme is
through a simple transposition: first compute the item av-
erage, r̄j , (average of the column which corresponds to item
ij) and then compute the correction terms, δq, by scanning
through all k items K = {i1, i2, ..., ik} rated by user ui.
The fill-in value of ri,j would then be:

ri,j = r̄j +
∑k

q=1
δq

k

where k is the count of items rated by user ui and the
correction terms are computed for all items in K as δq =
ri,q − r̄q.

Experiments in [3] have shown that the composite rating
scheme has the best predicting accuracy, when compared
to both user and item average schemes. Nevertheless, its
main drawback is that it requires intensive calculations in
order to be computed for all missing values in the original
user-item matrix, R.

Use of Filterbots

Filterbots [9] [10] are automated rating agents that evaluate
new items and enter those ratings in the user-item matrix.
Recommender Systems should view Filterbots as ordinary
users, with a single difference from the human users: filter-
bots are very prolific, generating numerous predictions but

at the same time, they are very generous, never requesting
predictions for themselves.

The incorporation of filterbots in a Recommender Sys-
tem is rather simple, as illustrated by the following proce-
dure:
• First, they accept new items as they are inserted in the
user-item matrix or request existing items.
• They apply the included rating algorithm to the fetched
item. Their rating algorithm is directly related to the
amount of intelligence that they carry. A couple of rat-
ing algorithms will be discussed in subsequent paragraphs.
• After generating the rating for the fetched item, they
insert it in the user-item matrix, R.
The value of filterbots is crucial in both Sparsity Reduction
and also in tackling the Cold Start Problem: Ratings gen-
erated by filterbots make the user-item matrix more dense.
At the same time, by producing predictions for new items,
as soon as they arrive, they make it easier and faster for
those items to be suggested to human users as well. Oth-
erwise, all new items would have to wait until they were
rated by an adequate number of human users, before they
would be suggested to new ones.

The integration of filterbots in a Recommender System
is expected to improve the utility of the system for users
who agree with the filterbots. At the same, users who do
not share similar preferences with the filterbots will not be
affected at all.

An interesting issue concerning filterbots has to do with
the amount of intelligence that is incorporated in them.
The most simple type of filterbots, called Genrebots, simply
assign the highest possible rating to an item that matches
the filterbot’s genre, while their rating for not matching
items is lower. For example, if our Recommender System
deals with films, a ”HorrorBot”, whose appointed genre is
clearly horror films, would rate ”Friday the 13th” with a
5, assuming a rating scale of 1-bad to 5-excellent, while as-
signing a rating of 3 to other films such as ”Citizen Cane”,
”Hollywood Ending” or ”Beauty and the Beast”. Clearly,
there should be different Genrebots for each item genre.

A filterbot, including a greater amount of intelligence,
could generate its predictions based on Information Re-
trieval/Information Filtering techniques, and more specif-
ically by applying a modified TFIDF [11] on the content
features of each item. Such an intelligent filterbot, called
content-filterbot, can be using the describing keywords of
the domain, in order to achieve personalized recommenda-
tions.

To produce better results, filterbots can be combined in
a number of ways:
• By averaging the ratings of different filterbots together.
• By applying regression to create a best fit combination
for each user. To achieve this, in our calculations we should
utilize the user’s known rating as the dependant variable,
while the generated predictions from the filterbots, we wish
to combine, would be the independent variables. Then,
the resultant weights should be used in order to generate
predictions for new items, by creating linear combinations
of filterbots’ recommendations.
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• By inserting the ratings of different filterbots in a Recom-
mender System and presenting the Recommender System’s
result as the final prediction.
In all cases above, after combining the filterbots’ separate
results into a single recommendation, that recommendation
should be entered in the user-item matrix, R, to aid the
recommendation process, as discussed earlier.

An idea, probably worth looking into, is mentioned in [3]:
employ a community of filtering agents that operate un-
der natural selection so that ineffective agents (their pres-
ence will not improve the quality of recommendations when
compared to the plain system) are eliminated as time
passes by and replaced by variants of effective ones.

Use of Dimensionality Reduction Techniques

A sparse data set may become denser if we apply a dimen-
sionality reduction technique, like Singular Value Decom-
position (SVD), on its data. Such a reduction may solve
the Synonymy Problem, described earlier, capturing latent
relationships among users [12]. After generating a reduced
dimensionality matrix, we should use a vector similarity
metric to compute the proximity between customers and
hence to form the neighborhood [3] [1].

The neighborhood in the SVD-reduced space is created
with the execution of the following steps:
1. Preprocess the initial user-item matrix, R of size mxn
in order to eliminate all missing data values, and obtain
normalized matrix Rnorm.
2. Compute the SVD of Rnorm and obtain matrices U , S
and V , of size mxm, mxn, and nxn, respectively. Their
relationship is expressed by: Rnorm = U ·S·V T . Matrices
U and V are orthogonal and span the column space and the
row space of the initial user-item matrix, R, respectively.
Matrix S is a diagonal matrix, called the singular matrix.
3. Perform the dimensionality reduction step by keeping
only k diagonal entries of the matrix S to obtain a kxk
matrix, Sk. Similarly, matrices Uk and Vk of size mxk and
kxn are generated.
4. Compute

√
Sk and then compute two matrix products

Uk·
√

Sk
T and

√
Sk·V T

k , that represent m pseudo-users and
n pseudo-items in the k dimensional feature space.
5. Proceed with the Neighborhood Formation (step 2 in the
recommendation process, which will be described exten-
sively in the following section). Note that in case SVD/LSI
methods were used to reduce the dimensions of the initial
user-item matrix, similarity between a pair of users should
now be calculated by the dot product of the rows corre-
sponding to those users in the new pseudo-users matrix,
Uk·

√
Sk

T .
An important issue when applying SVD/LSI methods

in order to reduce the initial dimensions of the user-item
matrix, R, is how to determine the value of k, which rep-
resents the dimensionality reduction. The value of k is
critical for the effectiveness of the low dimensional repre-
sentation. Specifically, k should be large enough to capture
all the latent relationships in matrix R, while at the same
time k should be small enough to avoid over-fitting errors.

Usually, the appropriate value of k is evaluated experimen-
tally, being different for different data sets.

B. Neighborhood Formation

In the most important step of the recommendation pro-
cess, the ”similarity” between users in the user-item ma-
trix, R, should be calculated. Users similar to the active
user, ua, will form a proximity-based neighborhood with
him. The active user’s neighborhood should then be uti-
lized in the following step of the recommendation process
(step 3, which will be discussed extensively in the following
section), in order to estimate his possible preferences.

Neighborhood Formation is implemented in two steps:
Initially, the similarity between all the users in the user-
item matrix, R, is calculated with the help of some prox-
imity metrics. The second step is the actual neighborhood
generation for the active user, where the similarities of
users are processed in order to select those users from whom
the neighborhood of the active user will consist. These two
steps will be presented in detail here:

B.1 Similarity of Users

Assuming the existence of a user-item matrix, R, the simi-
larity between two users from that matrix, user ui and user
uk, can be calculated utilizing either the Pearson Correla-
tion Similarity or the Cosine/Vector Simirality, which are
the main proximity metrics employed in the Recommender
Systems literature.

Pearson Correlation Similarity

To find the proximity between users ui and uk, we can
utilize the Pearson Correlation metric. Pearson Correlation
was initially introduced in the context of the GroupLens
project [13].

simik = corrik =
∑l

j=1
(rij−r̄i)(rkj−r̄k)√∑l

j=1
(rij−r̄i)

2
∑l

j=1
(rkj−r̄k)2

It is important to note that the summations over j are
calculated over the l items for which both users ui and uk

have expressed their opinions. Obviously, l ≤ n, where
n represents the number of total items in the user-item
matrix, R.

Cosine or Vector Similarity

In the n-dimensional item space (or k-dimensional item
space, in case dimension reduction techniques, like
SVD/LSI, were applied), we can view different users as
feature vectors. A user vector consists of n feature slots,
one for each available item. The values used to fill those
slots can be either the rating, rij , that a user, ui, provided
for the corresponding item, ij , or 0, if no such rating exists.

Now, we can compute the proximity between two users,
ui, and uk, by calculating the similarity between their vec-
tors, as the cosine of the angle formed between them.

simik = cosik =
∑

j
rij√∑

j
r2

ij

rkj√∑
j

r2
kj
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As in the case of Pearson Correlation Similarity, the sum-
mations over j are calculated over the l items for which
both users ui and uk have expressed their opinions. l ≤ n,
where n represents the number of total items in the user-
item matrix, R.

We select to use the Pearson Correlation Similarity metric
in order to estimate the proximity among users, unless it
is stated otherwise, since experiments have shown [8] that
the Vector/Cosine Similarity measure does not perform as
well in Recommender Systems.

An mxm similarity matrix, S, can now be generated,
including the similarity values between all users. Specifi-
cally, the entry at the i-th row and the k-th column of ma-
trix S, would correspond to the similarity between users
ui and uk. Furthermore, the i-th row of similarity matrix,
S, would represent the similarity between user ui and all
other users. Obviously, the diagonal entries of the similar-
ity matrix, S, should be set to 0 so that a user cannot be
selected as a neighbor of himself.

B.2 Neighborhood Generation

At this point of the recommendation process it is manda-
tory to distinguish a single user, called the active user, as
the user for whom we would like to make predictions, and
proceed with generating his neighborhood of users. Neigh-
borhood Generation, which is based on the similarity ma-
trix, S, can be implemented by several schemes:

Center-based Scheme

The Center-based scheme creates a neighborhood of size l
for the active user, ua, by simply selecting from the sim-
ilarity matrix, S, and more specifically, from the row of
matrix S which corresponds to the active user, those users
who have the l highest similarity values with the active
user.

Aggregate Neighborhood Scheme

The Aggregate Neighborhood scheme creates a neighbor-
hood of users, not by finding the users who are closest to
the active user, but by collecting the users who are closest
to the centroid of the current neighborhood.

The Aggregate Neighborhood scheme forms a neighbor-
hood of size l by first picking the user who is closest to
active user, ua. Those two users will now form the current
neighborhood, and the selection of the next neighbor will
be based on them. The procedure for the collection of the
next l− 1 neighbors resumes in the following manner: As-
suming that at a certain point, the current neighborhood,
N , consists of h users, where clearly h < l. The Aggregate
Neighborhood scheme will compute the centroid, −→C , of the
current neighborhood as:

−→
C = 1

h

∑h
j=1 uj

Obviously, the centroid, −→C , is calculated from the h users
currently included in the neighborhood N , and it has the
form of a vector, which is comparable to the vectors repre-
senting the users. A new user, uk, who does not belong to

the current neighborhood, uk /∈ N , will be selected as the
next neighbor, only if he is the closest to the centroid −→C . In
that case, the neighborhood will now include h+1 users and
the centroid should be recomputed for them. The process
will continue until the size of the neighborhood becomes l,
or |N | = l.

As we can conclude, the Aggregate Neighborhood
scheme allows all users to affect the formation of the neigh-
borhood, as they are gradually selected and added to it.
Furthermore, this scheme can be proven to be beneficial in
cases of very sparse user-item matrices.

C. Generation of Recommendation or Prediction

The final step in the recommendation process is to pro-
duce either a prediction, which will be a numerical value
representing the predicted opinion of the active user, or a
recommendation, which will be expressed as a list of the
top-N items that the active user will appreciate more. In
both cases, the result should be based on the neighborhood
of users.

C.1 Prediction Generation

Prediction is a numerical value, praj , which represents the
predicted opinion of active user ua about item ij . It is
a necessary condition that item ij does not belong in the
set of items for which the active user has expressed his
opinion about. Also, the prediction generated by the Rec-
ommender System should be within the same, accepted nu-
merical scale as all ratings in the initial user-item matrix,
R.

Prediction generation requires that a user neighborhood,
N , of size l is already formed for active user, ua. A pre-
diction score, praj , on item ij for active user, ua, is then
computed as follows:

praj = r̄a +
∑l

i=1
(rij−r̄i)∗simai∑l

i=1
|simai|

simai represents the similarity, as expressed in the mxm
similarity matrix, S, between the active user, ua, and all
users, ui, for i = 1, 2, ..., l, belonging to the active user’s
neighborhood. It is natural to assume that from the l users
in the active user’s neighborhood, only those who have ac-
tually given their opinion on item ij will be included in
that sum.

An extension, called Case Amplification [8], can be ap-
plied as a transformation of the similarities used in the ba-
sic collaborative filtering prediction formula. Specifically,
we transform the similarity factors, simai, as follows:

sim′
ai =

{
simρ

ai, if simai ≥ 0
−(−simρ

ai), if simai < 0

The transformation emphasizes similarities that are closer
to 1, and downgrades similarities with lower values. A
typical value for ρ is 2.5.
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C.2 Top-N Recommendation Generation

Recommendation is a list of N items that the active user,
ua, will like the most. Items included in the generated list
should not appear in the list of items already rated by the
active user.
• Most-Frequent Item Recommendation. According to this
recommendation scheme, we look into the neighborhood,
N , of the active user and perform a frequency count of
the items that each neighbor user has purchased or rated.
After all neighbor users have been taken into account and
the total counts for their rated items have been calculated,
the system will exclude items already rated by the active
user, sort the remaining items according to their frequency
counts and return the N most frequent items, as the rec-
ommendation for active user, ua. Most-Frequent Item Rec-
ommendation is commonly utilized in combination with the
binary rating scheme.
• Association Rule-based Recommendation. Assuming that
there are n items, I = {i1, i2, ..., in}, in the initial user-item
matrix, R. A transaction T ⊆ I is defined as a set of items
that are rated or purchased together. An association rule
between two sets of items, IX and IY , such that IX , IY ⊆
I and IX

⋂
IY = ∅, states that if items from set IX are

present in transaction T , then there is a strong probability
that items from set IY would also be present in T . An
association rule of that form is often denoted by IX ⇒
IY . The quality of association rules is usually evaluated by
calculating their support and confidence.
The support, s, of a rule measures the occurrence frequency
of the rule’s pattern IX ⇒ IY . Rules with high support are
important since they describe a sufficiently large popula-
tion of items
The confidence, c, of a rule is a measure of the strength of
implication IX ⇒ IY . Rules with high confidence are im-
portant because their prediction of the outcome is normally
sufficiently accurate.
Now that association rules have been defined, we can use
them to generate a top-N Recommendation: For each of
the l users who belong to the active user’s neighborhood,
we create a transaction containing all the items that they
have purchased or rated in the past. Having as input these
transactions, we can utilize an association rule discovery
algorithm to find all the rules that satisfy some required
minimum support and confidence constraints. To locate
the top-N recommended items for active user ua, we pro-
ceed with the following actions. First, we distinguish all
the rules that the active user supports. By user support for
a rule, we indicate that the active user has rated or pur-
chased all the items in the left-hand side of that rule. Now
we collect the set of unique items that are being predicted
by the selected rules, and at the same time, have not yet
been purchased by the active user. We can sort these items
based on the confidence of the rules that were used to pre-
dict them. Items predicted by rules with higher confidence
are ranked first. For items that appear in more than one
rule, we select and use the rule with the highest confidence.
Finally, we select the first N highest ranked items as the
recommended set [1].

IV. Alternative Methods

A. Item-based Collaborative Filtering

A different approach in the area of filtering algorithms,
that was suggested recently [14] [15], is based on item re-
lations and not on user relations, as in classic Collabora-
tive Filtering. In the Item-based Collaborative Filtering
algorithm, we look into the set of items, denoted by Iua

,
that the active user, ua, has rated, compute how similar
they are to the target item ij and then select the k most
similar items {i1, i2, ..., ik}, based on their corresponding
similarities {si1, si2, ..., sik}. The predictions can then be
computed by taking a weighted average of the active user’s
ratings on these similar items.

The first step in this new approach is the Representa-
tion. Its purpose is the same as with the classic Collabora-
tive Filtering algorithm: represent the data in an organized
manner. To achieve that, we only require an mxn user-item
matrix, R, where element rij includes the rating that user
ui (row i from matrix R) gave to item ij (column j from
matrix R), or simply, a value of 1, if user ui purchased item
ij , and 0 otherwise.

In the following step, the Item Similarity Computa-
tion should be calculated. The basic idea in that step is
to first isolate the users who have rated two items ij and
ik and then apply a similarity computation technique to
determine their similarity. Various ways to compute that
similarity have been proposed. We have already discussed
Pearson Correlation Similarity and Cosine/Vector Similar-
ity, when describing the classic Collaborative Filtering al-
gorithm. We can apply the same ideas in Item Similarity
Computation.

In the case of Pearson Correlation Similarity, the only
difference is that we are not using the ratings that two users
have provided for a common item, but the ratings that two
items, ij and ik, whose similarity we want to calculate,
have been given by a common user, ui. As expected, the
calculations are executed only over the l users, where l ≤
m, who have expressed their opinions over both items:

simjk = corrjk =
∑l

i=1
(rij−r̄j)(rik−r̄k)√∑l

i=1
(rij−r̄j)

2
∑l

i=1
(rik−r̄k)2

Cosine/Vector Similarity of items ij and ik is expressed by:

simjk = cosjk =
∑

i
rij√∑

i
r2

ij

rik√∑
i
r2

ik

where rij and rik are the ratings that items ij and ik have
been given by user ui. Obviously, the summations over i
are again calculated only for those l users, where l ≤ m,
who have expressed their opionions over both items.

Adjusted Cosine Similarity is a different way of calcu-
lating similarity of items. It is specifically used for Item-
based Collaborative Filtering and attempts to offset the
differences in rating scale between different users. Adjusted
Cosine Similarity of items ij and ik is given by:

simjk = adjcorrjk =
∑l

i=1
(rij−r̄i)(rik−r̄i)√∑l

i=1
(rij−r̄i)

2
∑l

i=1
(rik−r̄i)

2
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where rij and rik are the ratings that items ij and ik have
received from user ui, while r̄i is the average of user’s ui

ratings.
In case users do not provide explicit ratings for the items,

they can be distinguished into those who purchased and
those who have not purchased a specific item. The former
are assigned a value of 1 while the latter are assigned a
value of 0, leading to a binary rating scheme. Then, the
similarity between a pair of items, ij and ik, can be based
on the conditional probability of purchasing item ij given
that the other item, ik, has already been purchased. Specif-
ically, Conditional Probability-Based Similarity of items ij
and ik, cond(j|k), is expressed as the number of users that
purchased both items ij and ik divided by the total number
of users who purchased ik.

simjk = cond(j|k) = Freq(jk)
Freq(k)

Here, Freq(X) is the number of users who have purchased
the items in the set X, thus, Freq(jk) refers to the number
of users who have purchased both items ij and ik. It should
be clear that usually cond(j|k) 6= cond(k|j), which leads to
asymmetric relations. As a result, Conditional Probability-
based Similarity should be used with caution.

A couple of suggestions on how to improve the qual-
ity of Conditional Probability-Based Similarity, regarding
items being purchased frequently and users that tend to
rate fewer items, thus being more reliable indicators, can
be found in [15].

Once we have calculated the similarities between all
items in the initial user-item matrix, R, the final step in the
collaborative filtering procedure is to isolate the l items, ik,
with k = 1, 2, ..., l, that share the greatest similarity with
item ij , for which we want a prediction, form its neigh-
borhood of items, N , and proceed with the Prediction
Generation. The most common way to achieve that is
through a weighted sum. Briefly, this method generates a
prediction on item ij for active user ua by computing the
sum of ratings given by the active user on items belonging
to the neighborhood of ij . Those ratings are weighted by
the corresponding similarity, simjk, between item ij and
item ik, with k = 1, 2, ..., l, taken from neighborhood N :

praj =
∑l

k=1
simjk∗rak∑l

k=1
|simak|

B. Recommender Systems using Hybrid Methods

Hybrid methods that usually combine collaborative filter-
ing techniques with content-based filtering algorithms will
be introduced in the following sections. Such methods
are utilized in order to realize the benefits from both ap-
proaches while at the same time minimize their disadvan-
tages.

B.1 Content-Boosted Collaborative Filtering

The basic idea behind Content-Boosted Collaborative Fil-
tering [6] is to use a content-based predictor to enhance
existing user data, expressed via the user-item matrix, R,
and then provide personalized suggestions through collab-
orative filtering. The content-based predictor is applied on

each row from the initial user-item matrix, corresponding
to each separate user, and gradually generates a pseudo
user-item matrix, PR. At the end, each row, i, of the
pseudo user-item matrix PR consists of the ratings pro-
vided by user ui, when available, and those ratings pre-
dicted by the content-based predictor, otherwise:

pri,j =
{

ri,j , if user ui has rated item ij
ci,j , if user ui has not rated item ij

Clearly, ri,j denotes the actual rating of user ui on item
ij , while ci,j denotes the rating generated by the content-
based predictor.

The pseudo user-item matrix, PR, is a full dense ma-
trix. We can now perform collaborative filtering using PR
instead of the original user-item matrix R. The similar-
ity between the active user, ua, and another user, ui, can
be computed as in classic Collaborative Filtering. The only
difference will be that when calculating similarities, instead
of plugging in the original user ratings, we substitute with
the ratings for ua and ui as they can be found in the pseudo
user-item matrix.

B.2 Combining Content-Based and Collaborative Filters

This approach combines different filtering methods by first
relating each of them to a distinct component and then
basing its predictions on the weighted average of the pre-
dictions generated by those components [2]. In its simplest
version, it includes only two components: one component
generates predictions based on content-based filtering while
the second component is based on the classic collaborative
filtering algorithm. At the beginning, when the number of
user ratings is limited and thus, adequate neighborhoods
of similar users cannot be created, the content-based com-
ponent is weighted more heavily. As the number of users
is increased and more user opinions on items are collected,
the weights are shifted more towards the collaborative fil-
tering component, improving the overall accuracy of the
prediction. It should be stressed that this approach is not
exactly a hybrid approach, in the sense that both content-
based and collaborative filtering components are kept sep-
arately, without affecting each other. This fact allows the
system to benefit from individual advances occurring in
either component, since there exist no interdependencies.
Furthermore, this approach is more easily extensible to ad-
ditional filtering methods by allowing each method to be
added as a separate component which contributes to the
weighted average with a separate weight.

Assuming that the system includes just a collaborative
filter and a content-based filter, we can now discuss how the
predictions output separately from the collaborative and
the content-based components are combined into a single
prediction at the end: It has been shown that a simple
linear combination of scores returned by different Informa-
tion Retrieval agents can improve the performance of those
individual systems on new documents. We can utilize this
idea by replacing the Information Retrieval agents with the
filtering components of our system and the documents with
items for which we want to generate predictions. Based on
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these assumptions, we can combine the collaborative fil-
tering prediction generated by the first component of our
system, with the content-based prediction generated by the
second component of our system, using a weighted average.
The interesting part in that process would be to find the
weights that result in the most accurate final prediction. In
order to accomplish that, the proposed procedure is simple:
We start by giving equal weight to both the collaborative
and the content-based components. As users provide their
ratings about various items, we collect the predictions gen-
erated by both components on these items and then calcu-
late the mean absolute error (to be discussed extensively
in the section of Evaluation Metrics) of those predictions
when compared to the actual user ratings. Now we have to
adjust the weights of each component separately, changing
the contribution of the collaborative and the content-based
filters in the final result, so as to minimize past error. The
weights require quick adjustments at first, but as the num-
ber of ratings and predictions increase, the need for any
weights’ adjustment is gradually decreased.

C. Collaborative Filtering as a Machine Learning Classifi-
cation Problem

Billsus and Pazzani propose a solution where they view
Collaborative Filtering as a classification task [4]. Specif-
ically, based on a set of user ratings about items, we try
to induce a model for each user that would allow the clas-
sification of unseen items into two or more classes, each
of them corresponding to different points in the accepted
rating scale. If we agree on a binary rating scheme, then
the set of probable classes, C, would include two class in-
stances, C1 = like and C2 = dislike.

Th initial purpose of this approach is to transform the
data set of user ratings for items, corresponding to the
initial user-item matrix, R, into a format where any super-
vised learning algorithm from the machine learning litera-
ture can be drawn and applied in order to induce a function
of the form f : U → C. The usefulness of this function is
that it can classify any new, unseen item (taken from set
U) to the appropriate class C.

To achieve such a data transformation, which would
make our dataset suitable to be fed in a supervised learning
algorithm, we have to implement the following steps during
the Training Stage of the procedure:
• Starting with the original user-item matrix, R, associate
one classifier with every user, ui, where i = 1, 2, ...,m. If
user ui has rated item ij with rij , then we can define a
training example Iij like this:

Iij = {r1j , r2j , ..., rmj |C = rij}
Clearly, the feature values used, rkj , with k = 1, 2, ...,m
and k 6= i, are the ratings that all users except for ui have
given on item ij , while rij , the rating of user ui on item ij ,
is utilized as the class label of the training example.
• Since users are not required to provide their opinion on
all items and as a result, many feature values in the train-
ing examples we just described would be missing. If the
learning algorithm cannot handle missing feature values,
we have to apply some kind of transformation: Every user,

whose previous representation in the training example was
simply his rating on the item in mind, will now be repre-
sented by up to r Boolean features, where r is the number
of points in the utilized rating scale. The resulting Boolean
features, corresponding to each user uk, with k = 1, 2, ...,m
and k 6= i, are of the form ”User’s uk rating was ri”, where
0 < ri ≤ r. If we denote feature ”User’s uk rating was ri”
with the more compact ”ruk

= ri”, then the new extended
training example, Eij , representing the fact that user ui

has rated item ij with rij , would be the following:
Eij = {ru1 = 1, ru1 = 2, ..., ru1 = r, ru2 = 1, ..., rum

=
r|C = rij}

The first r features correspond to user u1 rating item ij
with 1,2,...,r, the next r features correspond to user u2 rat-
ing item ij with 1,2,...,r, and so on. We can now assign
Boolean feature values to all these new features: Clearly,
feature ”User’s uk rating was ri” would take a boolean
value of 1, in case user uk has given item ij a rating of ri,
and a boolean value of 0, otherwise. From the r features
corresponding to each user, only one feature would be as-
signed a value of 1, while the rest would be assigned a value
of 0, since there is a single rating for each item. At the end,
this procedure would result to ni training examples of that
form for user ui, one for each item he has rated. Those
training examples can now be collected into a single train-
ing matrix, Ti, which can be used in the following stages
of the algorithm. At this point, we have to note that it
is necessary to generate distinct training matrices, Ti, for
every user, i = 1, 2, ...,m, for whom we want to produce
personal predictions.
• This representation certainly will lead to an excessive
number of features. Therefore, we need to apply some pre-
processing steps before we can feed the training matrix into
a supervised learning algorithm. Specifically, we need to
remove all unnecessary features, compute the SVD of the
resulting matrix, and select k as the number of dimensions
to retain, obtaining a kxk matrix, Sk,i, along with matrices
Uk,i and Vk,i.
After those transformations are finished with, the train-
ing of the models, which will enable the classification of
new, unseen items for users ui, with i = 1, 2, ...,m, is com-
pleted. It is important to note that different models should
be trained for different users. Now we can proceed with the
Prediction Stage, where we will single out a certain user,
called the active user, ua, and generate a prediction of the
rating that he would have given on a specific item, ij . This
can be achieved only if the item, for which we wish a pre-
diction, can be represented in the form of the extended
training examples, which we utilized in order to train the
Machine Learning algorithm. The only difference in the
representation used in the prediction stage will be that the
class label of the example will be missing, since that is
exactly what we want to predict: the class that item ij
belongs to, which represents the rating that it would have
been awarded by user ua. Thus, the representation of ij as
an example ready to be fed in the trained Machine Learn-
ing algorithm, in order to generate its class prediction, is
the following:
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vj = {ru1 = 1, ru1 = 2, ..., ru1 = r, ru2 = 1, ..., rum
= r}

Before we can feed example vj , which represents item ij ,
in the trained supervised learning algorithm, we first need
to scale it into the k-dimensional space:

vk,j = vT
j Uk,aS−1

k,a

As we can see, the singular vectors from matrix Uk,a and
the singular values from matrix Sk,a, both generated during
the Training Stage for active user, ua, are used in that
scaling.

Finally, the resulting real-valued vector, vk,j , can be uti-
lized as input into the selected Machine Learning algo-
rithm. The output will represent the final prediction of
the rating that active user, ua, would have given on item
ij .

D. Use of SVD/LSI for Prediction Generation

In a previous section we discussed how we can uti-
lize dimensionality reduction techniques, and specifically
SVD/LSI, in order to make the original user-item matrix
denser. Since the application of SVD/LSI techniques aimed
strictly to the reduction of the sparsity of user-item ma-
trix, R, when the Representation stage was over, we re-
sumed with conventional filtering techniques in the suc-
ceeding stages of Neighborhood Formation and Prediction
Generation. Yet, it is possible to expand the application of
SVD/LSI throughout the recommendation process [3]. We
will now see how SVD/LSI techniques can be utilized in a
Recommender System, finally leading us to the prediction
of a rating for active user, ua, on item ij :
1. Steps 1 to 4 remain the same as in the Use of Dimen-
sionality Reduction Techniques which were described in
the Preprocessing section of classic Collaborative Filter-
ing. Those steps will lead to matrix products Uk·

√
Sk

T

and
√

Sk·V T
k , that represent m pseudo-users and n pseudo-

items in the k dimensional feature space.
2. Compute the similarity between the active user, ua, and
item ij , by calculating the inner product between the a-th
row of Uk·

√
Sk

T and the j-th column of
√

Sk·V T
k . The

inner product calcuation can be achieved with the help of
the Vector/Cosine Similarity metric.
3. In the final step, generate the prediction praj , which
corresponds to the expected rating of active user for item
ij , by simply adding the row average r̄a to the similarity
calculated in the previous step. Formally, praj = r̄a +
Uk·

√
Sk

T (a)·
√

Sk·V T
k (a).

As we can see, the first difference when using SVD/LSI in
order to generate predictions, rather than merely to make
matrix R denser, is located in step 2. There, the similar-
ity between user ua and item ij is computed. This comes
in contrast with the similarity calculation of the conven-
tional Collaborative Filtering algorithm, where the simi-
larity computation involved only users. The second differ-
ence lies in step 3, where the final prediction regarding the
rating of active user, ua, for item ij , is generated. Clearly,
there is no weighted average calculation as in the case of
the classic Collaborative Filtering algorithm.

E. Model-based Methods

If we decide to view Recommender Systems from a proba-
bilistic perspective, then the collaborative filtering task can
be thought of as a simple calculation of the expected value
of a rating from a user on an item, given what data we have
collected about that user. For the active user, ua, we wish
to predict ratings on items, ij , where j = 1, 2, ..., n, for
which he has not expressed his opinion yet. Assuming that
ratings follow a numerical scale from 1:bad to r:excellent,
we have:

praj = E(raj) =
∑r

ri=1 Pr(raj = ri|rak, k ∈ Iua
)

where the probability expression is the probability that the
active user, ua, will give the particular rating value, ri, for
item ij , given his already reported ratings on other items,
denoted by rak, where k ∈ Iua

.
In the following sections we will examine alternative

probabilistic models for collaborative filtering.

E.1 Personality Diagnosis

Personality Diagnosis was proposed in [17]: Each user, ui,
with i = 1, 2, ...,m, who has expressed his opinion about ni

items, where ni ≤ n, is assigned a personality type, which
can be described as a vector of the following form:

Rtrue
i = {rtrue

i1 , rtrue
i2 , ..., rtrue

ini
}

where vector values rtrue
ij , with j = 1, 2, ..., ni, correspond

to the true ratings of user ui on the ni items for which he
has expressed his opinion. One can realize the existence of
a crucial distinction between true ratings and reported rat-
ings. The true ratings encode the user’s underlying, inter-
nal opinion for items, and are not directly accessible by the
Recommender System. On the other hand, the reported
ratings are those that users provide to the Recommender
System. We can assume that the ratings that users tend
to report to the Recommender System include Gaussian
noise, meaning that the same user may report different
ratings on different occasions, depending on the context.
Statistically, we can claim that user’s ui reported rating for
item ij is drawn from an independent normal distribution
with mean rtrue

ij , where rtrue
ij obviously represents the true

rating of user ui on item ij :

Pr(rij = x|rtrue
ij = y) ∝ e−(x−y)2/2σ2

σ is a free parameter, x is the rating value that the user
has reported to the Recommender System, and y is the
true rating value that user ui would have reported if there
was no noise involved. Given the user’s personality type,
his ratings are thought to be independent.

Let’s further assume that the distribution of personality
types in the user-item matrix, R, is representative of the
distribution of personalities in the actual target population
of users. Based on this assumption, we can conclude that
the prior probability Pr(Rtrue

a = v), that the active user,
ua, rates items according to rating vector v is given by the
frequency that other users rate according to v. By simply
defining Rtrue

a to be a random variable that can take one
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of m possible values, R1, R2, ..., Rm, each with probability
1/m, then:

Pr(Rtrue
a = Ri) = 1/m

Each of the m possible values, R1, R2, ..., Rm, corresponds
to the reported rating vector of user ui, where i = 1, 2, ...,m
and necessarily i 6= a.

Combining the two previous equations, we can apply
Bayes’ Rule, and compute the probability that the active
user, ua, is of the same personality type as any other user,
ui, given his reported (including Gaussian noise) ratings:

Pr(Rtrue
a = Ri|ra1 = x1, ..., ran = xn) ∝ Pr(rai =

x1|rtrue
a1 = ri1) · · ·Pr(ran = xn|rtrue

an = rin)·Pr(Rtrue
a =

Ri)

After computing this quantity for each user, ui, we can
calculate the probability distribution for the active user’s
rating of an unseen item ij . This probability distribution
corresponds to the prediction, praj , that is generated by the
Recommender System and represents the expected rating
of active user, ua, for item ij :

praj = Pr(raj = xj |ra1 = x1, ..., ran = xn) =∑m
i=1 Pr(raj = xj |Rtrue

a = Ri)·Pr(Rtrue
a = Ri|ra1 =

x1, ..., ran = xn)

Personality Diagnosis can be thought of as a clustering
method with exactly one user per cluster, since each user
is represented by a single personality type, and we are at-
tempting to link the active user with one of those person-
ality types-clusters. Also, the implemented approach can
be depicted as a naive Bayesian network, with the struc-
ture of a classical diagnostic model: we observe ratings and
compute the probability that each personality type is the
cause for those ratings. Ratings can be thought of as the
”symptoms”, while personality types can be thought of as
”diseases”, leading to those ”symptoms” in the diagnostic
model.

E.2 Bayesian Network Model

This approach, introduced at [8], is based on the utilization
of a distinct Bayesian network for every user for whom we
wish a prediction. Initially, we construct a Bayesian net-
work with separate nodes representing different items from
the original user-item matrix, R. The states of each node
refer to the possible rating values for the corresponding
item. We also need to introduce an extra state correspond-
ing to cases where the user, to whom the Bayesian network
refers to, has not expressed his opinion on certain items.

Now we can single out a specific user, active user ua, and
using as input the ratings he has provided for all items, ap-
ply an algorithm for learning Bayesian network models on
his corresponding Bayesian network. The learning algo-
rithm will search over various model structures in terms of
dependencies for each item. In the network which will be
selected, each item will have a set of parent items that are
the best predictors for its rating values. Each conditional
probability table attached to the nodes, will be represented
by a decision tree encoding the conditional probabilities for
that node.

V. Categorization of Recommender Systems’
Algorithms

In this section we will attempt to divide the already dis-
cussed filtering algorithms into distinctive categories based
on various criteria, all of which are mentioned in the re-
lated bibliography.

Memory-based vs. Model-based filtering algorithms
Model-based collaborative filtering algorithms usually take
a probabilistic approach, envisioning the recommendation
process as the computation of the expected value of a user
rating, when his past ratings on other items are given.
They achieve that by developing a model of user ratings,
sometimes referred to as the user profile. The development
of such a model is primarily based on the original user-
item matrix, R, but once the model is trained, matrix R
is no longer required for recommendation generation. The
advantage of this approach is that, because of the much
more compact user model, it avoids the constant need of a
possibly huge user-item matrix to make recommendations.
This would certainly lead to systems with lower memory
requirements and rapid recommendation generation. Nev-
ertheless, the model building step, which is equivalent to
the neighborhood formation step in plain Collaborative Fil-
tering algorithms, is executed off-line since the user model
is expensive to build or update. As a result, it is recom-
puted only after sufficient changes have occurred in the
user-item matrix, for example, once per week.

Model-based filtering algorithms include Collabora-
tive Filtering as a Machine Learning Classification Prob-
lem [4], Personality Diagnosis [17] and Bayesian Network
Model [8].

On the other hand, Memory-based collaborative filter-
ing algorithms are basing their predictions on the origi-
nal (or probably reduced, through statistical methods like
SVD/LSI) user-item matrix, R, which they keep in memory
throughout the procedure. This results in greater memory
requirements and probably not so fast recommendations.
Yet, the predictions are always in agreement with the most
current user ratings. There is no need for off-line updating,
which would probably have caused a performance bottle-
neck.

Memory-based filtering algorithms include the ba-
sic Collaborative Filtering algorithm [1], Item-based Col-
laborative Filtering [14] and the Algorithm using SVD/LSI
for Prediction Generation [3].

Correlation-based vs. Machine Learning based algorithms
Billsus and Pazzani attempt, through their work described
in [4], to transform the formulation of the recommendation
problem, as viewed by the classic Collaborative Filtering
algorithm, into a Machine Learning problem, where any
supervised learning algorithm can be drawn and applied.
They are based on the assumption that while correlation-
based approaches seem to work well in the specific domain,
they solve the recommendation problem in a rather un-
conventional way, which is not necessarily supported by
sound theory. So, they select to see collaborative filter-
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ing as a classification task and employing Artificial Neural
Networks, among other alternative solutions, they induce a
user model able to classify unseen items into classes, which
correspond to points in the rating scale.

The use of Machine Learning methods in Collaborative
Filtering is limited despite the fact they could possibly
result to theoretically-well founded algorithms, which at
the end may outperform conventional correlation-based ap-
proaches. From the rest of the filtering algorithms dis-
cussed, only the Bayesian Network Model [8] is basing its
results on techniques drawn from the Machine Learning lit-
erature. Specifically, it employs the paradigms of Bayesian
Networks and Decision Trees.

Hybrid Algorithms vs. Plain Algorithms
Hybrid Algorithms are those that draw ideas from differ-
ent filtering paradigms in order to improve on the results
achieved when the selected paradigms are employed sepa-
rately:

Content-Boosted Collaborative Filtering utilizes Content-
based Filtering to fill in the missing ratings from the initial
user-item matrix, R. It then employs classic Collaborative
Filtering techniques to reach a final prediction.

The Weighted Combination of Content-based and Collab-
orative Filtering defines two distinct filtering components.
The first component implements plain Collaborative Fil-
tering, while the second component implements Content-
based Filtering. The final rating prediction is calculated
as a weighted sum of those components, where the applied
weights are decided by how close is the prediction of each
component to the actual rating.

Collaborative Filtering as a Machine Learning problem
utilizes a supervised learning algorithm on specially for-
mulated data, whose representation dimension has been
reduced after the application of LSI/SVD.

Numerical Algorithms vs. Non-Numerical Algorithms
This categorization simply distinguishes those filtering al-
gorithms which are employing some kind of numerical
method in order to generate their predictions. The im-
portance in the use of a numerical method lies in the fact
that it is based on mathematical foundation and not on
some ad-hoc technique. Such algorithms are:
• Collaborative Filtering as a Machine Learning Classifica-
tion Problem and Collaborative Filtering using LSI/SVD,
where LSI/SVD is utilized to reduce the dimensions of the
original representation.
• Personality Diagnosis, where theory of probabilities and
Bayes’ Rule are employed in order to calculate the required
probability distributions.

VI. Evaluation Metrics

A number of different measures have been proposed and
utilized in order to evaluate the performance of the various
filtering algorithms employed by Recommender Systems.
Systems that generate predictions should be considered
separately from systems whose output is a top-N recom-
mendation, and for that reason distinct evaluation schemes
should be used in each case. Our discussion on evaluation

metrics will be divided into two categories. First, a couple
of metrics which refer to the goodness or the badness of
the output will be presented. Second, metrics that evalu-
ate the performance of Recommender Systems in terms of
time and space requirements will be introduced.

A. Metrics evaluating Prediction Quality

A prediction is a numerical value which according to the
Recommender System corresponds to the rating, raj , ac-
tive user, ua, would have assigned to unrated item, ij . We
usually evaluate Recommender Systems that generate pre-
dictions in two dimensions: accuracy and coverage.

A.1 Accuracy

Two general approaches, one based on statistical accuracy
and the other based on decision suppport accuracy, are used
to measure the prediction accuracy:

Statistical Accuracy Metrics

Statistical Accuracy Metrics measure how close is the nu-
merical value rij which is generated by the Recommender
System and represents the expected rating of user ui on
item ij , to the actual numerical rating, arij , as entered
by the same user for the same item. The most commonly
used statistical accuracy metric is the Mean Absolute Error
(MAE).

Mean Absolute Error measures the deviation of predic-
tions generated by the Recommender System from the true
rating values, as they were specified by the user. The MAE
is measured only for those items, for which user ui has ex-
pressed his opinion. The count of these items is ni, where
ni ≤ n, since users are not required to express their prefer-
ences over all n available items. The predictions generated
for those items are rij , for j = 1, 2, ..., ni, while the actual
ratings provided from the user are denoted by arij , for
j = 1, 2, ..., ni. Then, the MAE for user ui is computed by
first summing the absolute errors of the ni corresponding
actual ratings-prediction pairs and then computing their
average. Formally,

MAEi =
∑ni

j=1
|arij−rij |
ni

The total MAE can be calculated by averaging the Mean
Absolute Errors of all users, MAEi, for i = 1, 2, ...m, over
the total number of available users, m:

MAE =
∑m

i=1
MAEi

m

Lower Mean Absolute Errors correspond to Recommender
Systems that predict more accurate user ratings.

Decision Support Accuracy Metrics

Decision Support Accuracy Metrics evaluate how effective
the filtering algorithm employed in a Recommender System
is at helping a user distinguish high quality items from the
rest of the items. These metrics are based on the assump-
tion that a binary rating scheme is preferred. Thus, in cases
when a different numerical scale is utilized, we should agree
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on an accepted conversion to the binary rating scale. De-
cision Support Accuracy metrics should be used in cases
when we are not interested in the exact rating of a spe-
cific item, and instead, we simply want to find out if the
user will like that item or not. The most commonly used
Decision Support Accuracy metric is the ROC Sensitivity.

ROC Sensitivity, corresponding to the area under the
Receiver Operating Curve, commonly referred to as the
ROC curve, is a measure of the diagnostic power of a fil-
tering algorithm. A ROC curve plots the sensitivity and
the specificity of the filtering test, with respect to a sepa-
rator variable X. More accurately, it plots sensitivity and
1-specificity, obtaining a set of points by varying the recom-
mendation score threshold above which a specific item will
be accepted as a good item. The recommendation score
threshold is represented by x. The ROC curve ranges from
0 to 1.

Sensitivity refers to the probability of a randomly se-
lected good item actually being rated as good, and as a
result being accepted by the filtering algorithm.

Specificity refers to the probability of a randomly se-
lected bad item actually being rated as bad, and as a result
being rejected by the filtering algorithm.

It is important to note that there exists a trade off be-
tween sensitivity and specificity. Any increase in sensitivity
will be accompanied by a decrease in specificity.

The area under the ROC curve, corresponding to ROC
sensitivity, increases as the filter is able to detect more good
items and at the same time decline more bad items. An
area of 1 represents the perfect filtering algorithms, while
an area of 0.5 represents a random filter, which rates an
item as good or bad by simply rolling a dice.

Obviously, in order to use ROC sensitivity as a metric
to distinguish good from bad items, we necessarily have to
either utilize a binary rating scheme, which already divides
the items into those two categories, or transform the used
rating scheme into a binary rating scheme. Then, the ROC
sensitivity metric could be utilized as an indication of how
effective the Recommender System is at suggesting highly
rated items to the user as good ones, and correctly describe
low rated items as bad ones.

A.2 Coverage

Coverage is a measure of the percentage of items for which
a filtering algorithm can provide predictions. It is not a
rare occurrence that a Recommender System will not be
able to generate a prediction for specific items because of
the sparsity in the data of the initial user-item matrix, R,
or because of other restrictions, which are set during the
Recommender System’s execution. Such cases will lead to
low coverage values. A low coverage value indicates that
the Recommender System will not be able to assist the
user with many of the items he has not rated, and for that
reason the user will be forced to depend on other criteria
to evaluate them. A high coverage value indicates that the
Recommender System will be able to provide adequate help
in the selection of items that the user is expected to enjoy
more.

Assuming that ni are the items for which user ui has
given a rating, and npi is the number of those items for
which the Recommender System was able to generate a
prediction, where clearly npi ≤ ni, then coverage can be
formally expressed as:

Coverage =
∑m

i=1
npi∑m

i=1
ni

The total coverage is computed as the fraction of items for
which a prediction was generated over the total number
of items that all available users have rated in the initial
user-item matrix, R.

B. Metrics evaluating top-N Recommendation Quality

In top-N Recommendation, the system outputs a list of
N items that the user is expected to find interesting. The
main focus in evaluating such systems is determining the
value of that list, meaning that we want to find out whether
the user would be interested in rating or purchasing some
or all the items included in that top-N list. For that pur-
pose, we are introducing a couple of evaluation metrics, one
based on recall-precision and the second based on expected
utility.

B.1 Recall-Precision related Measures

The most common practice in order to evaluate a top-N
recommendation is to use two metrics widely used in In-
formation Retrieval (IR), recall and precision.

For the case of systems that generate a top-N recommen-
dation list, there is a need to slightly adjust the definitions
of recall and precision from the standard way they are used
in IR. In such Recommender Systems our goal is to retrieve
a fixed number of N relevant items to be suggested as part
of a list. To compute recall and precision, first we have to
divide our data into two disjoint sets, the training set and
the test set. The filtering algorithm employed by the sys-
tem works only on the training set and generates a ranked
list of recommended items, which we will refer to as the
top-N set. The main goal is to scan through the test set,
representing the portion of the initial data set which was
not used by the Recommender System, and match items
in the test set with items included in the generated top-N
set. Items that appear in both sets will become members
of a special set, called the hit set, if we decide to apply IR
terminology. We can now define recall and precision for
top-N recommendation systems in the following way:
• Recall, when referring to Recommender Systems, can be
defined as the ratio of hit set size over the test set size:

recall = size of hit set
size of test set =

|test
⋂

top−N |
|test|

• Precision, when referring to Recommender Systems, can
be defined as the ratio of hit set size over the top-N set
size:

precision = size of hit set
size of top−N set =

|test
⋂

top−N |
N

Obviously, the denominator is equal to N since the size of
the top-N set is N .
These two measures are clearly conflicting in nature. In-
creasing the size of number N , usually results in an increase
of recall, while at the same time precision is decreased. But
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since both measures are important in evaluating the qual-
ity of systems that generate top-N recommendations, we
can combine them into a single metric, the F1 metric.
The F1 metric is a widely used metric which assigns equal
weight to both recall and precision:

F1 = 2∗recall∗precision
recall+precision

F1 should be computed for each individual user and then,
the avarage over all users would represent the score of the
top-N recommendation list [3] [1].

B.2 Expected Utility related Measures

We wish to estimate the expected utility of a particular
ranked list to a user. In order to achieve that we assume
that the total expected utility is simply the probability of
viewing a recommended item included in that top-N list,
times the utility of that item.

The utility of item ij is defined as the difference between
user’s, ui, actual rating on that item, denoted by arij , and
the default or neutral rating in the domain, denoted by
d. As for the probability for the item to be selected, we
assume that each successive item in the list, ij , for j =
1, 2, ..., N , starting from the top of the list and moving
down, is less likely to be viewed by user ui following an
exponential decay. Combining those two assumptions, the
expected utility of a ranked list of items for user ui, over
the N items included in the top-N recommended list, is:

EUi =
∑N

j=1
max(rij−d,0)

2(j−1)/(α−1)

We should note that the items are listed in declining order.
α is the viewing halflife. It is defined as the ranking of
this specific item on the list, for which there exists a 50%
chance that the user will actually review it. Normally, that
ranking should have a value between 1, representing the
top of the list, and N , representing the bottom of the list.
A usual value for halflife is α = 5.

The final score of the top-N recommendation list is cal-
culated over the set of all m users included in the initial
user-item matrix, R:

EU = 100
∑m

i=1
EUi∑m

i=1
EUmax

i

EUmax
i represents the maximum utility achieved for user

ui in case all viewed items had been at the top of the ranked
list [8].

C. Metrics evaluating Performance

After discussing some quality metrics that measure the ac-
curacy, the utility or the coverage of a Recommender Sys-
tem, we can define a couple of standard evaluation tech-
niques that refer directly to the performance of the system.
More specifically, we will talk about performance metrics
related to the time and storage requirements of a Recom-
mender System.

C.1 Response Time

Response Time is a widely used performance metric, which
is utilized for various purposes and in different domains. In
the case of Recommender Systems, it defines the time that
elapsed between a user’s stated request and the system’s
response to that request.

The user may request either a prediction or a top-N
recommendation from the system at time t1. The Recom-
mender System will accept the request, process the input,
and after a succesful completion of the required task, it will
provide a response at time t2, where necessarily t2 > t1.
Then, the response time, tr, for that system is defined
as the difference between these two times. As a result,
tr = t2 − t1.

C.2 Storage Requirement

Another way of evaluating a filtering algorithm is based on
its storage requirements. It is natural to expect from mod-
ern Recommender Systems to provide services that involve
millions of users and items. Such counts of users and items
though, would possibly force systems to their limits. For
that reason, it may be wise to evaluate how these systems
manipulate the space provided to them. Storage require-
ments are usually analyzed in two ways: by checking their
main memory requirement, which represents the on line
space usage of the system, and by checking their secondary
storage requirement, which refers to the off line space usage
of the system.

C.3 Computational Complexity

Typically, most filtering algorithms can be divided into two
separate steps: First, there is a model building step, usu-
ally executed off-line, followed by a second execution step,
which is always executed on-line. Preprocessing, Represen-
tation, Similarity Calculation and Neighborhood Genera-
tion, which appear in most discussed filtering algorithms,
can be thought of as part of the off-line step. Prediction or
Top-N Generation is the on-line step.

The off-line step is a crucial performance factor in the
Recommendation Process, since it is always executed in
the initiation of the procedure, where based on the original
user-item matrix, R, different user models are constructed.
The model building step is also necessarily executed during
the Recommendation Process, when new user ratings ap-
pear, making it mandatory to update the user-item matrix
in a procedure known as Updating. It is obvious that when
the Updating procedure is delayed, all generated predic-
tions do not reflect the latest user-item relations and may
be incorrect.

It is vital for the algorithm performance to evaluate the
computational complexity of the off-line step: There may
exist algorithms that utilize theoretically sound mathemat-
ical or machine learning techniques in order to generate
their results, but nonetheless require complex calculations,
making the off-line step too expensive and time consum-
ing to execute. At the same time, there may exist filtering
algorithms which are based on ad-hoc methods, leading to
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scientifically debated predictions, but those methods would
normally require considerably less time and give faster re-
sponses. Clearly, there is a trade-off here which we should
take into consideration when deciding on which filtering
algorithms to employ.

VII. Conclusions and Future Plans

In this paper we attempted to make a brief but com-
plete presentation of the most popular filtering algorithms
employed in modern Recommender Systems. First, we for-
mally analyzed the problem that a filtering algorithm is
asked to solve. We also talked about the biggest chal-
lenges that it is required to tackle. Then we proceeded
with a description of classic Collaborative Filtering along
with ways which were proposed in the bibliography in order
to improve the basic algorithm. Special mention was made
to several Preprocessing methods. Not stopping there, we
gave considerable space to alternative filtering techniques.
Some of them were based on Machine Learning algorithms,
others were inspired by some kind of numerical method,
while others were simply attempts to combine already ex-
isting techniques. At this point we thought it was crucial
to include a categorization of the previously described al-
gorithms based on different criteria. Finally, we presented
a number of utilized evaluation metrics, from which some
were used to measure quality, while others to measure per-
formance.

Our future plans include a series of experiments whose
purpose will be to first implement and then understand
the usability of the basic filtering algorithms we described
here. Through these experiments we will be able to com-
pare the performance of these methods and realize the con-
ditions under which each of them generates better results.
The final step will be to enhance and extend existing filter-
ing algorithms by employing various intelligent techniques,
preferably drawn from the Machine Learning literature.
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