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Abstract. It is generally assumed that all users in a dataset are
sparse and hence addressing the problem of data sparsity should
result in improved performance. However, although all users may
be members of a sparse dataset, they do not all suffer from the data
sparsity problem. This indicates that there is some ambiguity as to
which users should be identified as sparse users and targeted with
new recommendation improvement strategies. This paper defines
sparsity in terms of number of item ratings and average similarity
with nearest neighbours and then goes on to look at the impact of
sparsity so defined on performance. Counter intuitively, it is found
that in top-N recommendations sparse users actually perform better
than some other categories of users when a standard approach is
used. These results are explained, and empirically verified, in terms
of a bias towards users with a low number of ratings. The link
between sparsity and performance is also considered in the case of
predictions rather than top-N recommendations.  This work
provides the motivation for targeting improvement approaches
towards distinct groups of users as opposed to the entire dataset.

1 INTRODUCTION

Recommender systems [1] are typically employed to assist users
with the discovery of items that may be of interest. A commonly-
used approach for generating personalised recommendations is
User-Based Collaborative Filtering (CF) [2], in which a database of
user ratings profiles is searched for the closest matches to the active
user, the user’s Neighbourhood (NN). The process is modelled on
how people innately interact with each other i.e. sharing opinions.
These algorithms are evaluated in various ways, with a popular
approach being the Leave-N-Out (also known as All-But-N)
protocol [3]. Any items that are withheld from the recommender
algorithm for the purpose of evaluation are referred to as the hidden
set (H). The items remaining after H has been removed is referred
to as the training set (T); this is the information that the system has
available regarding the active user a. Either the Top-N items in the
neighbourhood are selected to form the recommendations or
predictions are generated for H.

The central components of a recommender system are the dataset
and the recommender algorithm. The dataset can be thought of as a
set of items that are available for recommendation to a set of users.
Information stored on the users is usually in the form of ratings
collected, either implicitly or explicitly, although there could also
be other information, such as user demographics. If many of the
hidden items occur in the recommendations or the algorithm can
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accurately predict ratings for unknown items, the system is
considered to be successful. Some researchers suggest that the only
means for assessing a system is via on-line user studies [4]. These
can record how the system recommendations are used by the
individual, in other words, did the user continue to use the system?
Unfortunately these studies are expensive in terms of time and
finding a diverse test group. It must also be noted that a test group
of users can be more sympathetic than real users and this must be
taken into account.

This paper demonstrates that a problem in the evaluation of Top-
N recommendations using traditional evaluation protocols means
that the sparse users, as identified in the literature [5; 6], are not the
worst performing group. Research focused on improving Top-N
recommendations [7; 8] has not identified this problem, but has
instead concentrated on addressing issues with the traditional
evaluation metrics. Those users who perform worst when an
algorithm has been evaluated are the users who require attention.
The paper also shows that this problem does not affect evaluation of
rating predictions for H.

The problem identified is a result of the protocols being biased
towards users with a low number of item ratings. This problem is
compounded by problems with common evaluation metrics: for
instance, recall only measures how many previously viewed items
are found in the hidden set, but not how likely a user is to rate these
items highly [9]. In contrast, mean absolute error (MAE) provides
the error rate for items that are rated but ignores recommended
items that have no user rating; therefore they have no effect on the
MAE result (this is only an issue when predicting ratings for items
other than H).

The remainder of this paper is organised as follows; Section Two
provides a definition for sparse users. This is followed by a detailed
description of the methodology in Section Three for both Top-N
recommendation and prediction generation; including the methods
and metrics for evaluation. Section Four presents the results
obtained from running the experiments, demonstrating well that the
sparse users are not the worst performers for Top-N
recommendation. A discussion, explanation and verification of the
results are provided in Section Five, followed by a description of
related work in Section Six. Finally, Section Seven completes the
report with conclusions and suggestions for future work.



2 SPARSITY IN USER-BASED CF

While there is generally agreement that sparsity is a problem in
recommender systems, the term itself is often used in slightly
different ways. An obvious way to characterise sparsity is in terms
of number or ratings so that a user who has only a few ratings is
considered to be a sparse user. The same approach can be applied
not only to individual users, but to a dataset as a whole so that if a
high proportion of user-item pairs have not been rated the dataset is
sparse. The Sparsity Level measure [10], which will be considered
later, is of this kind.

It also seems clear, however, that a user could have a low
number of ratings and yet a high proportion of the items rated might
also have been rated by other users. In this case the user might well
have a high similarity with other users. By contrast, another user
might have a high number of ratings yet only a small proportion of
the items rated might have been rated by other users. In this case the
user might have a low similarity with other users. In order to take
this into account, the approach in this paper will be to consider both
the number of ratings and the average similarity with nearest
neighbours as contributing to sparsity. This will be discussed further
in section 4.

In terms of addressing sparsity, a common approach is to
consider the performance of an algorithm while the ratio of the
number of items used in training to that used in testing is varied [10;
11]. The idea is that sparsity corresponds to the case where this ratio
is low and so approaches for alleviating sparsity can be assessed in
this case. This approach corresponds to the idea that sparsity is
considered as a property of the dataset and so the focus is on the
dataset as a whole rather than distinctly identified sparse users.

The approach adopted here is to identify sparse users in terms of
their number of ratings and average similarity with nearest
neighbours as noted above. The goal then is to investigate the
performance of such users in standard recommendation tasks and to
compare it with the performance of less sparse users.

3 METHODOLOGY

The core recommendation generation tasks are to suggest good
items to users and/or make predictions that indicate the expected
level of user satisfaction [12]. This paper concentrates on these two
tasks, namely Recommending Some Good Items and Predicting
Ratings. The well known MovieLens dataset [13] was used. There
were 6,040 visitors with 1,000,199 ratings on 3,706 movies.

There is a wide variety of metrics used in the literature to assess
the accuracy of a recommender algorithm. In fact, [14] reports that
this abundance of metrics is what makes it so difficult for
researchers to evaluate recommender systems. It is important to
select the most appropriate metric for evaluating the corresponding
recommendation task [15]. Recommender Algorithms can be
evaluated in terms of predictive, classification or rank accuracy
[12]. In this report, recall is the choice for evaluating the
classification of Recommending Some Good Items and MAE was
chosen for the Predicting Ratings task.

3.1. Recommending Some Good Items

It is assumed that there are many good items that could be of
interest to the user. A user-centric approach to recommendation is
to provide a small number of good suggestions, to prevent the user
from having to search through a large set in order to find a handful
of good ones. The recommended items at the top of the list should

be the items of most interest to the user, Top-N. In this report N is
set to 20.

3.1.1. Collaborative Filtering Algorithm

The neighbourhoods throughout this paper are formulated using
a standard user-based collaborative filtering approach with cosine as
the similarity measure, which is defined as follows,

u-v
sim(u,v) = (1)
Cosine is the measure of the cosine angle between two user rating
vectors, in this case u and v. When including non co-rated items [9]
the denominator is able to account for the number of movies each
user has rated individually. This ensures that users with a high
number of ratings do not swamp the neighbourhood selections.

The approach adopted uses the Most-Frequently-Rated (MFR)
[16] recommendation generation method. MFR is a simple
incremental count of movie occurrences; movies are counted
regardless of the rating attributed to them and all NN contribute
equally, the Top-N MFR items that do not occur in the active user’s
test set are then recommended.
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3.1.2. Evaluation of top-N

Recall is classified as a Successful Decision Making Capacity [17]
metric, as its role is to measure the ability of a recommender
algorithm to make successful decisions. It is the ratio of true
positives to the number of hidden items H (Equation 2), i.e. this
metric measures the proportion of successful recoveries from H.
The number of true positives (TP) is a count of the number of times
a recommendation has been found in the hidden items.

TP
= — 2
recall T @)

The interpretation of the evaluation method’s result depends on
whether the intention is to maximise the prediction of previously
watched items, or to uncover the greatest number of movies the user
has expressed a favoured opinion towards. In order to distinguish
between these two different assessments, two evaluation methods
are used: Complete (COM), where any recommendation that
corresponds to a hidden item is considered a TP and Positive (POS),
where only items found with a rating above a predefined threshold
[8] contribute to the measurement of accuracy. In this paper the
rating threshold is set to 3.

An additional measure used in the assessment of the
recommender algorithm’s decision-making success was User
Coverage (UC), which is the proportion of users that receive one or
more true positive recommendations.

3.1.3. Evaluation Protocols

The commonly used Leave-N-Out evaluation protocol can be
applied to the dataset in two ways, (1) select a fixed number of
items from every user to withhold, or (2) conceal a fixed percentage
of each user profile. In this report these different dataset divides are
referred to as 10Hidden and 80/20, respectively.

In 10Hidden; the hidden items are selected by randomly
withholding 10 items from each user’s profile. The remainder of
the data is used for training purposes. Each user receives a set
number of recommendations. This approach is biased towards users



with small rating sets (explained further in section 5). When using
the 10Hidden evaluation protocol and COM evaluation technique
there were 60,400 possible TPs to find, whereas with the POS
approach only 37,575 movies were available. While using the POS
approach, 27 users were completely omitted as none of these had
any highly rated movies in their hidden set.

For 80/20; 80 % of the data is retained for training and 20% of
each user’s profile is hidden from the algorithm. This approach
deals with users with a high number of ratings more equally than
10Hidden. As before, each user receives a set number of
recommendations. The problem with this approach is apparent
when the hidden set is greater than the recommendation set
(explained further in section 5).

3.2. Predicting Ratings

For this particular task, a set of predicted ratings needs to be
generated for items not rated by the active user. The use of
predicted ratings is common when generating a set of
recommendations. In this report, predictions are generated for all
the hidden items.

Predictions are calculated as a weighted average deviation from
the neighbour’s mean:

+ ZZ:l(ru,i - fu) X Sa,u

n
u=1 Sa,u

®)

Pai = Ta

where p,; is the prediction for the active user a for item i; r,; is the
rating for item i by neighbour u; T,, and T, are the mean rating of
user u and a, respectively; S, is the similarity between users a and
u; and n is the number of users in the neighbourhood. For the
experiments in this paper the top 30 neighbours who had rated the
item i were considered. If less than 10 neighbours had rated the
item then the average rating for that item in the dataset was used
instead, known as the background rating.

3.2.1. Evaluating Predictions

Mean Absolute Error (MAE) is a prediction evaluation metric used
for measuring the average absolute deviation from each predicted
rating to each actual rating. It is formulated in Equation 4. MAE
concentrates on the accuracy of a predicted rating as opposed to the
accuracy of the recommendation [8]. Other metrics related to MAE
are Mean Squared Error, Root Mean Squared Error and
Normalised Mean Absolute Error.
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Where, f; is the predicted or background rating, y; is the actual rating
the active user assigned to item i and N is the number of hidden
items. The lower the MAE score obtained, the better the
performance of the algorithm.

[7] argue that because MAE evaluates each predicted
recommendation independently the results are biased towards
algorithms that predict all items well, as opposed to predicting the
top items well. The top items, usually 10 or 20, are the items of
most interest to the user. This report suggests that if the algorithm
can accurately predict some hidden items then this is an indication

of the quality of the recommendation set, even if they are not found
in the hidden set.

4 RESULTS

A sparse user is defined as a user with few overlapping ratings and
a small number of items rated. To identify these users the dataset
was divided into quadrants, see figure 1, with the sparsest users in
the low average nearest-neighbour similarity and low number of
ratings quadrant, Quadrant 1, and the least sparse users in the high
average nearest-neighbour similarity and high number of ratings
quadrant, Quadrant 4. Quadrants 2 and 3 represent intermediate
levels of sparsity.

Quadrant One:
Low NN Similarity
Low Number of Ratings

Quadrant Two:
Low NN Similarity
High Number of Ratings

Figure 1.

Quadrant Three:

High NN Similarity
Low Number of Ratings
Quadrant Four:

High NN Similarity
High Number of Ratings
Quadrants for Categorising Users

The ranges for the quadrants were defined using the similarity
results from COSINE, and the number of movies in the active user’s
training set. For example when using 10Hidden, quadrant one is
users with an average similarity value below 0.3475 and number of
test ratings below 86.

Sarwar et al. define the Sparsity Level [10] as follows,

nonzero entries

(®)

It measures the proportion of zero entries in the user-ratings matrix
and so takes into account the number of ratings, but it does not take
into account the similarity between users. The sparsity level of the
entire MovielLens dataset is calculated as 1 — 1,000,199 / 6040 *
3706, which is 0.96.

total entries

4.1. Recommendation Results

COM and POS recall and UC (as defined in section 3.1.2) is shown
in table 1 and 2, respectively.

Table 1. COM and POS Recall using 10 Hidden, 20 Recommendations
and COSINE

Quadrant 1 (2425 : 0.99) Quadrant 3 (594 : 0.97)

COM POS COM POS

0.3159 0.2521 0.3980 0.3012

Quadrant 2 (595 : 0.96) Quadrant 4 (2426 : 0.91)

COM POS COM POS

0.2311 0.1931 0.2596 0.2115

Table 2. COM UC and POS UC using 10 Hidden, 20 Recommendations
and COSINE

Quadrant 1 (2425 : 0.99) Quadrant 3 (594 : 0.97)

COM UC POS UC COM UC POS UC

96% 89% 99% 94%

Quadrant 2 (595 : 0.96) Quadrant 4 (2426 : 0.91)

COM UC POS UC COM UC POS UC

86% 7% 91% 81%




The number of users followed by the sparsity level of each quadrant
is shown in brackets after the quadrant number.

The results shown in tables 1 and 2 would indicate that the worst
performing users are in Quadrants 2 and 4; users with a high
number of test ratings. Surprisingly, it is Quadrant 3 that does best
overall. Quadrant 1, assumed to be the sparse users, is the second
best group of users. In fact the users that would be expected to
perform best, Quadrant 4, are in 3rd place. It is worth noting that
sparsity level scores correspond with the ordering of the quadrants
as noted earlier, i.e. Quadrant 1 is the most sparse, Quadrant 4 least
sparse and Quadrants 2 and 3 are intermediate. Table 2 supports the
findings in table 1 demonstrating that more users in Quadrants 1
and 3 are receiving TPs than users in Quadrants 2 and 4.

The evaluation results when using 80/20 are displayed in tables 3
and 4. The quadrants for this data split are defined as <0.3370 > for
the average similarity, and <77 > for the numbers of ratings.

Table3. COM and POS Recall using 80/20, 20 Recommendations and
COSINE

Quadrant 1 (2235 : 0.99) Quadrant 3 (784 : 0.98)

CcoM POS COM POS

0.2990 0.3453 0.3986 0.4574
Quadrant 2 (780 : 0.97) Quadrant 4 (2241 : 0.91)

CoM POS COM POS

0.1813 0.2237 0.1791 0.2322

Table4. COM UC and POS UC using 80/20, 20 Recommendations and

COSINE
Quadrant 1 (2235 : 0.99) Quadrant 3 (784 : 0.98)
CoM uUC POS UC CoM UC POS UC
92% 84% 98% 94%
Quadrant 2 (780 : 0.97) Quadrant 4 (2241 : 0.91)
COM UC POS UC COM UC POS UC
99% 97% 100% 99%

The results in table 3 are similar to table 1 in that the users with
smaller rating vectors perform better with recall. The main
differences are that when using COM Quadrant 4 becomes the worst
group, but as shown by the sparsity level these are the users in the
dense area of the dataset. Table 4 is different from table 2, as it is
shown that the users in Quadrants 2 and 4 are covered better than
users with smaller rating vectors (1 and 3). This would suggest that
fixing the size of the hidden set has an effect on the number of users
that will receive TPs.

4.2. Prediction Results
Table 5 shows the results when using MAE as the evaluation metric.

Table5. MAE using 10Hidden
Quadrant 1 (2425 : 0.99) Quadrant 3 (594 : 0.97)
0.7902 0.7402
Quadrant 2 (595 : 0.96) Quadrant 4 (2426 : 0.91)
0.7649 0.7194

When using predictions and evaluating the hidden items using
MAE it is found that the sparse users (Quadrant 1) do perform
worse. As expected the users in Quadrant 4, high similarity and
high number of items rated, receive the best MAE results, followed

by the users with high similarity and low number of ratings
(Quadrant 3).

5 DISCUSSION

As noted in section 4, Quadrant 1 represents the sparsest users
within the dataset and Quadrant 4 the least sparse (or most dense)
users. Correspondingly, we would expect performance to be worst
for the former and best for the latter and this is indeed the case for
prediction results evaluated using MAE. Quadrants 2 and 3 are
intermediate cases with the former having a low average
neighbourhood similarity and high number of ratings and the latter a
high average neighbourhood similarity and low number of ratings.
And as would be expected, the performance for the prediction
experiments yields intermediate values for these quadrants.
Interestingly, the results are slightly better for Quadrant 3 than
Quadrant 2 even though the sparsity level as defined in equation (5)
indicates that Quadrant 3 is sparser than Quadrant 2. This shows
that a greater degree of sparsity does not necessarily correspond to
poorer performance in the case of prediction if sparsity is quantified
in terms of the sparsity level. However, the sparsity level only takes
into account the proportion of non-zero entries in a dataset and does
not incorporate the degree of similarity between users. The results
in section 4 suggest that the latter has a greater impact on
performance since the average similarity in Quadrant 3 is greater
than that in Quadrant 2. Hence, if sparsity is to be correlated with
performance, sparsity must be taken to include degree of similarity
and not just number of ratings.

Much more surprising are the results for recommendation of the
Top-N items. In particular, performance, as measured by recall, is
best for Quadrant 3, even though it is sparser than Quadrant 4.
Worse still, Quadrant 1 performs second best even though it is the
sparsest quadrant by any reckoning. The expected correlation
between degree of similarity and performance does hold since
Quadrants 3 and 4 outperform Quadrants 1 and 2 respectively in the
case of 10Hidden presented in table 1. In the case of 80/20 and
COM Quadrant 4 performs worse than Quadrant 2, but this may be
an artefact of the number of hidden items being greater than the
number of recommendations in some cases.

However, since Quadrants 1 and 3 outperform Quadrants 2 and 4
respectively in both 10Hidden and 80/20 it is clear that a greater
number of ratings adversely affects performance. This is an
extremely counterintuitive result and deserves explanation.

In an attempt to make sense of these results, it is worth recalling
that for an active user u the approach involves selecting items from
the set of items rated by the nearest neighbours of u, the candidate
set of u, CS,, in the hope that they will also be in u’s hidden set, H,.
For this reason it is instructive to consider P(ie H, |i€ CS,), the
probability than an item i is in the hidden set given that it is in the
candidate set. Of course, in reality items are not selected randomly
from the candidate set, but on the basis of how frequently they have
been rated. Nevertheless, this probability helps to shed light on the
problem since it draws attention to the difficulty of finding hidden
items in large candidate sets. Via Bayes’ theorem, the probability of
interest can be expressed as

P(ieCS,|lieH,)
P(@ieCS,)

P(icH,|ieCS,) = xP(ieH,).  (6)



Since P(i€ H,), the probability that a randomly selected item will
be in the hidden set depends only on the size of the hidden set, this
probability will be the same for all users and so need not be
considered further. P(ie CS,), the probability that a randomly
selected item will belong to the candidate set, is just the ratio of the
number of items in the candidate set to the total number of items.
Finally, P(ie CS, | i€ H,), can be estimated in terms of the
probability that an item will be in the set of items rated by the
nearest neighbours of u given that it is in the non-hidden items rated
by u, which in turn can be estimated by ratio of the corresponding
frequencies.

Consider now a typical user in Quadrant 1, v say, and a typical
user in Quadrant 2, w say. Since the cosine similarity behaves in a
similar way to a simple overlap measure [see 9] and since the
average cosine similarity would be the same for these two users, the
ratio of items co-rated by v and v’s neighbours to the number of
items rated by v would be similar to the corresponding ratio for w.
This means that the estimates for P(ie CS, |i€ H,) and P(ie CS,,
| i€ Hy) would be similar. By contrast, the candidate set for w will
be much larger than that for v since w has a larger number of ratings
and so w’s neighbours will also have a larger number of ratings than
v’s neighbours since v and w have the same average similarity. This
means that P(ie CS,) will be greater than P(ie CS,) and so, via
equation (6), P(ie H, |ie CS,) will be greater than P(ie H, |ie
CSy). That is, the probability of finding an item in v’s hidden set
given that it is in v’s candidate set is greater than the corresponding
probability for w. See table 6 for an illustration of the above
example using the mean values of the users in Quadrants 1 and 2 to
estimate the relevant probabilities.

Table 6. Estimated Probabilities for Quadrants 1 and 2

Quadrant 1 Mean | Quadrant 2 Mean
Values Values

P(ic CS,lie Hy) | 32.69/35.09=0.9316 | 127.78/131.73=0.97

P(ie CS) 902/3706 = 0.2434 1918/3706 = 0.5175

P€ CS,|i€ Hy 0.9316 / 0.2434 0.97/0.5175

=3.83 =187

Pie CSy)

This goes some way to explaining why the performance is better
for Quadrant 1 than Quadrant 2. Basically, since users in Quadrant
2 have a greater number of ratings than users in Quadrant 1 they
have a larger candidate set and hence it is much more difficult to
find the 10 hidden items. Exactly the same kind of reasoning helps
explain why Quadrant 3 outperforms Quadrant 4. The size of the
candidate set is not so crucial when comparing Quadrants 1 and 3
since they have approximately the same number of ratings. In this
case, it is the greater similarity in Quadrant 3 which makes it easier
to find a hidden item from a given user’s candidate set and hence
Quadrant 3 outperforms Quadrant 1. The same reasoning explains
why Quadrant 4 outperforms Quadrant 2.

In summary, the greater number of ratings in the case of
Quadrants 2 and 4 results in a larger candidate set and hence makes
it more difficult to find a small number of hidden items. In effect,
there is a bias towards users with a small number of ratings. This is
closely related to research by Redpath et al [9] who argued that
using standard evaluation metrics when recommending the Top-N
items indicates how good algorithms are at identifying items that

users have previously rated rather than how likely users are to rate
items highly.

6 RELATED WORK

In this section, relevant research concerning collaborative filtering
(CF), the data sparsity issue and evaluation of recommender
algorithms are presented.

Early CF systems were semi-automated, requiring the individual
user to discriminate between useful and interesting items and have
knowledge about the community of people. These systems were
either pull-active [2] or push-active [18]. Recent systems use either
memory-based or model-based learning algorithms [3].

Providing user-centric predictions has proved difficult for many
reasons, chiefly, that certain areas of the dataset are very sparse.
This occurs as the dataset increases, as even the most active of users
will only have rated a small percentage of the product catalogue. As
a result, user preferences and overlaps are difficult to infer.
Approaches to alleviate the problem of sparse users have been
researched extensively with many different approaches being
suggested: including item-based [10, 11], graph-based [19],
clustering [20], hybrid recommenders [5] and various
dimensionality reduction techniques [21]. Dimensionality reduction
methods, such as Singular Value Decomposition (SVD) and Latent
Semantic Indexing (LSI) tend to lead to a reduction in accuracy,
compared to using the entire dataset, as valuable information is
discarded. [5] suggests a hybrid approach: using content to “boost”
the CF by predicting ratings for empty spaces in the user-ratings
matrix and then applying CF to the dense pseudo-user ratings
matrix. This approach still suffers from the sparsity problem, as
users that have fewer than 50 items rated produce less reliable
pseudo-user rating vectors.

The evaluation of a recommender algorithm should ideally be
left to the subjective opinion of the end user. Unfortunately, this is
not always possible due to lack of time and resources. In addition
there is an abundance of common metrics, which are uncorrelated
[12], not standardised for ease of comparison and not widely
available as reusable resources [14]. Comparative studies have
been conducted [12; 22; 7; 3] to evaluate different collaborative
recommender algorithms. The metrics used have differed and
therefore the degree of improvement in the end results is not
transparent.

The research community recognises that the problems with
current evaluation methods and measures must be addressed [23].
In response to this, new and modified metrics have started to appear
in the literature [7, 24]. [7] introduces a modified precision,
whereby any recommendation generated which is not rated by the
test user counts negatively towards the result. [24] introduced the
Intra-List Similarity Metric to measure the diversity of
recommendations within a list.

7 CONCLUSIONS AND FUTURE WORK

A widely accepted assumption in the research community is that
because sparsity is a property of the ratings matrix and all users are
considered sparse, that it follows that all users suffer from the
sparsity problem. The results in this paper demonstrate that this is
not always the case. By defining sparse users in terms of low
average similarity with nearest neighbours and low number of
ratings, it has been demonstrated that while sparse users do perform



worse for prediction generation, they do not perform worse for Top-
N recommendation when using the current evaluation protocols.
This counterintuitive result has been explained and empirically
verified in terms of a bias towards users with smaller rating vectors.

This result has extremely important consequences for attempts to
address the problem of sparsity. In the context of Top-N
recommendation when using the current evaluation protocols,
attempts to improve results for sparse users are unlikely to be very
successful since sparse users actually perform quite well. This, of
course, highlights a problem with current approaches to Top-N
recommendation which needs to be addressed. In particular, steps
are required to develop evaluation protocols and metrics that treat
all users fairly.

Future work includes evaluating the quality of the
recommendation sets from different algorithms in terms of, not just
how many known items or ratings can be predicted correctly but
how good the items that were not in the hidden set were.

The conclusion of this report, that not all users suffer from the
data sparsity problem, provides the motivation for targeting
improvement approaches towards distinct groups of users as
opposed to the entire dataset. Work is underway to provide
predictions and Top-N recommendations to the appropriate sparse
users using content-based, item-based and hybrid approaches.

A combined content and collaborative similarity measure that
uses the ratings for co-rated items and calculates a content
divergence for all other movies rated, is being developed. It is
hypothesized that the combined measure will provide a more
detailed measure of similarity for users in Quadrant 1 when
generating item predictions: whereas, when producing top-N
recommendations for users in Quadrants 2 and 4 an item-based
method is being tested to prune candidate item sets of unlikely TPs.
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