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ABSTRACT

We present experimental results of confronting the k-Nearest
Neighbor (kNN) algorithm with Support Vector Machine
(SVM) in the collaborative filtering framework using datasets
with different properties. While k-Nearest Neighbor is usu-
ally used for the collaborative filtering tasks, Support Vector
Machine is considered a state-of-the-art classification algo-
rithm. Since collaborative filtering can also be interpreted
as a classification/regression task, virtually any supervised
learning algorithm (such as SVM) can also be applied. Ex-
periments were performed on two standard, publicly avail-
able datasets and, on the other hand, on a real-life corporate
dataset that does not fit the profile of ideal data for collab-
orative filtering. We conclude that the quality of collabo-
rative filtering recommendations is highly dependent on the
quality of the data. Furthermore, we can see that kNN is
dominant over SVM on the two standard datasets. On the
real-life corporate dataset with high level of sparsity, kNN
fails as it is unable to form reliable neighborhoods. In this
case SVM outperfroms kNN.
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algorithms, performance, experimentation
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1. INTRODUCTION AND MOTIVATION

The goal of collaborative filtering is to explore a vast col-
lection of items in order to detect those which might be
of interest to the active user. In contrast to content-based
recommender systems which focus on finding contents that
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best match the user’s query, collaborative filtering is based
on the assumption that similar users have similar prefer-
ences. It explores the database of users’ preferences and
searches for users that are similar to the active user. The
active user’s preferences are then inferred from preferences
of the similar users. The content of items is usually ignored.

In this paper we explore how two different approaches to
collaborative filtering — the memory-based k-Nearest Neigh-
bor approach (kKNN) and the model-based Support Vector
Machine (SVM) approach — handle data with different prop-
erties. We used two publicly available datasets that are com-
monly used in collaborative filtering evaluation and, on the
other hand, a dataset derived from real-life corporate Web
logs. The latter does not fit the profile of ideal data for
collaborative filtering.

The rest of this paper is arranged as follows. In Sections 2
and 3 we discuss collaborative filtering algorithms and data
quality for collaborative filtering. The three datasets used
in our experiments are described in Section 4. In Sections
5 and 6 the experimental setting and the evaluation results
are presented. The paper concludes with the discussion and
some ideas for future work (Section 7).

2. COLLABORATIVEFILTERING IN GEN-
ERAL

There are basically two approaches to the implementa-
tion of a collaborative filtering algorithm. The first one is
the so called “lazy learning” approach (also known as the
memory-based approach) which skips the learning phase.
Each time it is about to make a recommendation, it simply
explores the database of user-item interactions. The model-
based approach, on the other hand, first builds a model
out of the user-item interaction database and then uses this
model to make recommendations. “Making recommenda-
tions” is equivalent to predicting the user’s preferences for
unobserved items.

The data in the user-item interaction database can be
collected either explicitly (explicit ratings) or implicitly (im-
plicit preferences). In the first case the user’s participation
is required. The user is asked to explicitly submit his/her
rating for the given item. In contrast to this, implicit pref-
erences are inferred from the user’s actions in the context
of an item (that is why the term “user-item interaction” is
used instead of the word “rating” when referring to users’
preferences in this paper). Data can be collected implicitly
either on the client side or on the server side. In the first case
the user is bound to use modified client-side software that
logs his/her actions. Since we do not want to enforce mod-



ified client-side software, this possibility is usually omitted.
In the second case the logging is done by a server. In the
context of the Web, implicit preferences can be determined
from access logs that are automatically maintained by Web
servers.

Collected data is first preprocessed and arranged into a
user-item matrix. Rows represent users and columns repre-
sent items. Each matrix element is in general a set of actions
that a specific user took in the context of a specific item. In
most cases a matrix element is a single number representing
either an explicit rating or a rating that was inferred from
the user’s actions.

Since a user usually does not access every item in the
repository, the vector (i.e. the matrix row), representing
the user, is missing some/many values. To emphasize this,
we use the terms “sparse vector” and “sparse matrix”.

The most intuitive and widely used algorithm for collabo-
rative filtering is the so called k-Nearest Neighbor algorithm
which is a memory-based approach. Technical details can
be found, for example, in [4]. The algorithm is as follows:

1. Represent each user by a sparse vector of his/her rat-
ings.

2. Define the similarity measure between two sparse vec-
tors. In this paper, we consider two widely used mea-
sures: (i) the Pearson correlation coefficient which is
used in statistics to measure the degree of correlation
between two variables [7], and (ii) the Cosine simi-
larity measure which is originally used in information
retrieval to compare between two documents (intro-
duced by Salton and McGill in 1983).

3. Find k users that have rated the item in question and
are most similar to the active user (i.e. the user’s
neighborhood).

4. Predict the active user’s rating for the item in question
by calculating the weighted average of the ratings given
to that item by other users from the neighborhood.

The collaborative filtering task can also be interpreted as
a classification task, classes being different rating values [1].
Virtually any supervised learning algorithm can be applied
to perform classification (i.e. prediction). For each user a
separate classifier is trained (i.e. a model is built — hence now
we are talking about a model-based approach). The training
set consists of feature vectors representing items the user al-
ready rated, class labels being ratings from the user. Clearly
the problem occurs if our training algorithm cannot handle
missing values in the sparse feature vectors. It is suggested
by [1] to represent each user by several instances (optimally,
one instance for each possible rating value). On a 1-5 rating
scale, user A would be represented with 5 instances, namely
{A, 1}, {A, 2}, ..., {A, 5}. The instance {A, 3}, for exam-
ple, would hold ones (“1”) for each item that user A rated 3
and zeros (“0”) for all other items. This way, we fill in the
missing values. We can now use such binary feature vectors
for training. To predict a rating, we need to classify the
item into one of the classes representing rating values. If we
wanted to predict ratings on a continuous scale, we would
have to use a regression approach instead of classification.

In our experiments we confronted the standard kNN al-
gorithm (using Pearson and Cosine as the similarity mea-
sures) with SVM classifier and SVM regression [9]. In the
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Figure 1: Data characteristics that influence the
data quality, and the positioning of the three
datasets used in our experiments, according to their
properties.

case of SVM we did not convert the user-item matrix into
the dense binary representation, as SVM can handle sparse
data directly.

3. SPARSITY PROBLEM AND DATA QUAL -
ITY FORCOLLABORATIVEFILTERING

The fact that we are dealing with a sparse matrix can
result in the most concerning problem of collaborative fil-
tering — the so called sparsity problem. In order to be able
to compare two sparse vectors, similarity measures require
some values to overlap. Furthermore, the lower the amount
of overlapping values, the lower the reliability of these mea-
sures. If we are dealing with high level of sparsity, we are
unable to form reliable neighborhoods.

Sparsity is not the only reason for the inaccuracy of rec-
ommendations provided by collaborative filtering. If we are
dealing with implicit preferences, the ratings are usually in-
ferred from the user-item interactions, as already mentioned
earlier in the text. Mapping implicit preferences into explicit
ratings is a non-trivial task and can result in false map-
pings. The latter is even more true for server-side collected
data in the context of the Web since Web logs contain very
limited information. To determine how much time a user
was reading a document, we need to compute the difference
in time-stamps of two consecutive requests from that user.
This, however, does not tell us weather the user was actually
reading the document or he/she, for example, went out to
lunch, leaving the browser opened. There are also other is-
sues with monitoring the activities of Web users, which can
be found in [8].

From this brief description of data problems we can con-
clude that for applying collaborative filtering, explicitly given
data with low sparsity are preferred to implicitly collected
data with high sparsity. The worst case scenario is having
highly sparse data derived from Web logs. However, collect-
ing data in such manner requires no effort from the users
and also, the users are not obliged to use any kind of spe-
cialized Web browsing software. This “conflict of interests”
is illustrated in Figure 1.

4. DATA DESCRIPTION

For our experiments we used three distinct datasets. The
first dataset was EachMovie (provided by Digital Equipment



Ratings Size Sparsity

Explicit/| Scale Num of | Num of | Num of %** | Avg#of | Avg#of
implicit users | items ratings Irtings/usr|ratings/i

[EachMovie Explicit | Discrete 0-5J 61,131 1,622 2,5-58,871 97.42 | 41.86 | 1,577.60

Jester Explicit| Continuous | 73,421 100 4,136,360 43.66 | 56.34 |41,363.60
—-10-+10
Corporate Implicit | Discrete 1-3*] 1,850 | 16,941 20,669 99.93 | 11.17 1.22

*after preprocessing
**computed as the number of missing values divided by the user-item matrix size (i.e. the number
of rows times the number of columns)

Table 1: The data characteristics of the three
datasets, showing the explicitness of ratings (ex-
plicit, implicit), size of the dataset and the level of
sparsity.

Corporation) which contains explicit ratings for movies. The
service was available for 18 months. The second dataset
with explicit ratings was Jester (provided by Goldberg et
al.) which contains ratings for jokes, collected over a 4-
year period. The third dataset was derived from real-life
corporate Web logs. The logs contain accesses to an inter-
nal digital library of a fairly large company. The time-span
of acquired Web logs is 920 days. In this third case the
user’s preferences are implicit and collected on the server
side, which implies the worst data quality for collaborative
filtering.

In contrast to EachMovie and Jester, Web logs first needed
to be extensively preprocessed. Raw logs contained over
9.3 million requests. After all the irrelevant requests were
removed we were left with only slightly over 20,500 useful
requests, which is 0.22% of the initial database size. For de-
tailed description of the preprocessing that was applied see
[5]. Note that only the dataset termed “Corporate 1/2/3/2”
in [5] was considered in this paper.

Table 1 shows the comparison between the three datasets.
It is evident that a low number of requests and somewhat
ad-hoc mapping onto a discrete scale are not the biggest
issues with our corporate dataset. The concerning fact is
that the average number of ratings per item is only 1.22,
which indicates extremely poor overlappingness. Sparsity is
consequently very high, 99.93%. The other two datasets are
much more promising. The most appropriate for collabo-
rative filtering is the Jester dataset with very low sparsity,
followed by EachMovie with higher sparsity but still rela-
tively high average number of ratings per item. Also, the
latter two contain explicit ratings, which means that they
are more reliable than the corporate dataset (see also Figure

1).

5. EXPERIMENTAL SETTING

To be able to perform evaluation we built an evaluation
platform [5]. We ran a series of experiments to see how
the accuracy of collaborative filtering recommendations dif-
fers between the two different approaches and the three dif-
ferent datasets (from EachMovie and Jester we considered
only 10,000 randomly selected users to speed up the eval-
uation process). Ratings from each user were partitioned
into “given” and “hidden” according to the “all-but-30%”
evaluation protocol. The name of the protocol implies that
30% of all the ratings were hidden and the remaining 70%
were used to form neighborhoods.

We applied three variants of memory-based collaborative

filtering algorithms: (i) k-Nearest Neighbor using the Pear-
son correlation (kNN Pearson), (ii) k-Nearest Neighbor us-
ing the Cosine similarity measure (kNN Cosine), and (iii)
the popularity predictor (Popularity). The latter predicts
the user’s ratings by simply averaging all the available rat-
ings for the given item. It does not form neighborhoods
or build models and it provides each user with the same
recommendations. It serves merely as a baseline when eval-
uating collaborative filtering algorithms (termed “POP” in
[2]). For kNN variants we used a neighborhood of 120 users
(i.e. k=120), as suggested in [3].

In addition to the variants of the memory-based approach
we also applied two variants of the model-based approach:
SVM classifier, and SVM regression. In general, SVM clas-
sifier can classify a new example into one of the two classes:
positive or negative. If we want to predict ratings, we need a
multi-class variant of SVM classifier, classes being different
rating values. The problem also occurs when dealing with
continuous rating scales such as Jester’s. To avoid this, we
simply sampled the scale interval and thus transformed the
continuous scale into a discrete one (in our setting we used
0.3 precision to sample the Jester’s rating scale).

Although the work of [1] suggests using items as exam-
ples, the task of collaborative filtering can equivalently be
redefined to view users as examples. Our preliminary re-
sults showed that it is best to choose between these two
representations with respect to the dataset properties. If
the dataset is more sparse “horizontally” (i.e. the average
number of ratings per user is lower than the average num-
ber of ratings per item), it is best to take users as examples.
Otherwise it is best to take items as examples. Intuitively,
this gives more training examples to build models which are
consequently more reliable. With respect to the latter, we
used users as examples when dealing with EachMovie (hav-
ing on average 41.86 ratings per user vs. 1,577.60 ratings
per item) and Jester datasets (having on average 56.34 rat-
ings per user vs. 41,363.60 ratings per item) and items as
examples when dealing with the corporate dataset (having
on average 11.17 ratings per user vs. 1.22 ratings per item).

We combined several binary SVM classifiers in order to
perform multi-class classification. Let us explain the method
that was used on an example. We first transform the prob-
lem into a typical machine learning scenario with ordered
class values as explained earlier in the text. Now, let us
consider a discrete rating scale from 1 to 5. We need to
train 4 SVMs to be able to classify examples into 5 dif-
ferent classes (one SVM can only decide between positive
and negative examples). We train the first SVM to be able
to decide weather an example belongs to class 1 (positive)
or to any of the classes 2-5 (negative). The second SVM
is trained to distinguish between classes 1-2 (positive) and
classes 3-5 (negative). The third SVM distinguishes be-
tween classes 1-3 (positive) and classes 4-5 (negative), and
the last SVM distinguishes between classes 1-4 (positive)
and class 5 (negative). In order to classify an example into
one of the 5 classes, we query these SVMs in the given order.
If the first one proves positive, we classify the example into
class 1, if the second one proves positive, we classify the ex-
ample into class 2, and so on in that same manner. If all of
the queries prove negative, we classify the example into class
5. We used SVM classifier as implemented in Text-Garden
(http://www.textmining.net). We built a model only if
there were at least 7 positive and at least 7 negative exam-



ples available (because our preliminary experiments showed
that this is a reasonable value to avoid building unreliable
models).

SVM regression is much more suitable for our task than
SVM classifier. It can directly handle continuous and thus
also ordered discrete class values. This means we only need
to train one model as opposed to SVM classifier where sev-
eral models need to be trained. We used SVM regression as
implemented in Text-Garden. As in the case of SVM classi-
fier, we built a model only if there were at least 15 examples
available.

Altogether we ran 5 experiments for each dataset-algorithm
pair, each time with a different random seed (we also se-
lected a different set of 10,000 users from EachMovie and
Jester each time). When applying collaborative filtering to
the corporate dataset, we made 10 repetitions (instead of
5) since this dataset is smaller and highly sparse, which re-
sulted in less reliable evaluation results. Thus, we ran 100
experiments altogether.

We decided to use normalized mean absolute error (NMAE)
as the accuracy evaluation metric. We first computed NMAE
for each user and then we averaged it over all the users
(termed “per-user NMAE”) [6]. MAE is extensively used for
evaluating collaborative filtering accuracy and was normal-
ized in our experiments to enable us to compare evaluation
results from different datasets.

6. EVALUATION RESULTS

We present the results of experiments performed on the
three datasets using the described experimental setting (see
Section 5). We used two-tailed paired Student’s t-Test with
significance 0.05 to determine if the differences in results are
statistically significant.

We need to point out that in some cases the algorithms
are unable to predict the ratings, as the given ratings do not
provide enough information for the prediction. For instance,
Popularity is not able to predict the rating if there are no
ratings in the given data for a particular item. When calcu-
lating the overall performance we exclude such ratings from
the evaluation, as we are mainly interested in the quality of
prediction when available, even if the percentage of avail-
able predictions is low. We prefer the system to provide no
recommendation if there is not enough data for a reasonably
reliable prediction.

As mentioned earlier in Section 4, the three datasets have
different characteristics that influence the accuracy of pre-
dictions. Jester is the dataset with the lowest sparsity and
thus the most suitable for the application of collaborative
filtering of the three tested datasets. We see that the kNN
methods significantly outperform the other three methods.
kNN Pearson slightly yet significantly outperforms kNN Co-
sine. SVM classifier also performs well, significantly outper-
forming SVM regression and Popularity. Interestingly, SVM
regression performs significantly worse than Popularity.

EachMovie is sparser than Jester yet much more suitable
for the application of collaborative filtering than the corpo-
rate dataset. Here kNN Cosine performs significantly better
than kNN Pearson, followed by SVM classifier and Popu-
larity. kNN Pearson slightly yet significantly outperforms
Popularity. Again, SVM regression performs significantly
worse than Popularity.

The corporate dataset is the worst of the three — it is ex-
tremely sparse and collected implicitly on the server side. It
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NMAE

Corporate (112/3/2) |
OKNN Pearson 0.1718246 0.1821964 0.2187814
TKNN Cosine 0.1728898 0.1735166 0.2011448
B SVM classifier 0.1888338 0.1851124
| SVM i 0.2412224 0.1951874 0.1621678
O Popularity 0.2098228 0.1865928 0.1688694

Jester EachMovie

Figure 2: The results of the experiments.

reveals the weakness of the kNN approach — lack of over-
lapping values results in unreliable neighborhoods. Notice
that we do not provide the results of applying SVM classifier
on this dataset, as our system at the moment has problems
handling data of such low quality in a classification setting.
We see that SVM regression and Popularity perform best in
this domain. The difference between them is not significant
but they both significantly outperform the kNN approach.
In this paper we are not concerned with the inability to pre-
dict but it is still worth mentioning that SVM regression can
predict 72% of the hidden ratings, Popularity 23.7%, and the
kNN approach only around 8% of the hidden ratings.

7. DISCUSSION AND FUTURE WORK

In our experimental setting we confronted the k-Nearest
Neighbor algorithm with Support Vector Machine in the col-
laborative filtering framework. We believe that kNN is dom-
inant on datasets with relatively low sparsity. On datasets
with high to extremely high level of sparsity, kNN starts
failing as it is unable to form reliable neighborhoods. In
such case it is best to use a model-based approach, such as
SVM classifier or SVM regression. Another strong argument
for using the SVM approaches on highly sparse data is the
ability to predict more ratings than with the variants of the
memory-based approach.

Interestingly, Popularity performs extremely well on all
domains. It fails, however, when recommending items to
eccentrics. We noticed that the true value of collaborative
filtering (in general) is shown yet when computing NMAE
over some top percentage of eccentric users. We defined ec-
centricity intuitively as MAE (mean absolute error) over the
overlapping ratings between “the average user” and the user
in question (greater MAE yields greater eccentricity). The
average user was defined by averaging ratings for each par-
ticular item. This is based on the intuition that the ideal
average user would rate every item with the item’s average
rating. Our preliminary results show that the incorpora-
tion of the notion of eccentricity can give the more sophis-
ticated algorithms a fairer trial. We computed average per-
user NMAE only over the top 5% of eccentric users. The
power of the kNN algorithms over Popularity became even
more evident. In near future we will define an accuracy mea-
sure that will weight per-user NMAE according to the user’s
eccentricity, and include it into our evaluation platform.



In future work we also plan to investigate at what level
of data sparsity the SVM approach outperforms the kNN
approach.

Also interesting, the Cosine similarity works just as well
as Pearson on EachMovie and Jester. Early researches show
much poorer performance of the Cosine similarity measure

[2].
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