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Abstract. Information is becoming more increasingly available in digital formats such as Web Pages, MP3 files and many others. This puts
more emphasis on the need for reliable information filtering techniques.
New recommendation algorithms are being developed frequently to deal
with the problem of information overload. In this paper we present a
new, regression-based approach to the application of recommendation algorithms. We classify five different datasets based on a range of metrics,
including sparsity, user-item ratio, and the distribution of user ratings.
From performance analysis tests of four predictive algorithms over these
sets, we develop a regression function to predict the suitability of a particular recommendation algorithm for a previously unseen dataset. Our
results show that the best-performing algorithm on the new set is the
same as predicted by our regression analysis.
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Introduction

Information filtering techniques are becoming more widely used as available information spaces grow ever larger. New techniques for filtering information are
being developed to tackle the information overload problem. We present an assessment of the performance of three popular recommendation algorithms over a
range of diverse data. Our aim is to show that the relative performance of these
algorithms varies as they are applied to different data, and that these differences
can be harnessed to develop an Adaptive Recommender System.
If we can successfully perform this algorithm prediction task, we can form the
basis of a generic recommender system, which can employ cutting-edge filtering
techniques to a given system without having to manually tailor the recommendation engine for that system.
We classify our datasets based on a set of their salient features, including
user-item ratio, rating distribution, data type, and sparsity of the data. We
run performance tests on Item-Based Collaborative Filtering (IBCF), Pure Collaborative Filtering(UBCF), and an Association-Rule Based Filtering algorithm
(RBCF) and a base-line classification algorithm: Zero-r, using four experimental
datasets: PTV, Movielens, Jester and EachMovie.

Each of our recommendation algorithms differs in the manner in which it
gathers similarity information about users. IBCF compiles a model of item similarity, based on the number of users who have co-rated each pair of items. UBCF
is based on a model of user similarity, which is acquired by forming peergroups
of users with high overlap of items in their profiles. The RBCF algorithm is similar to IBCF, except it employs data mining techniques (the Apriori association
rule algorithm) to form associations between items, which are then used in an
IBCF-like model of item-item similarity. These rules take the form: A =⇒ B,
with associated support and confidence levels.
Our tests consider k-nearest neighbours, and density of the training set. For
the former, we vary the value of k in intervals of 10 from 0 to 100, and note
the predictive accuracy of our algorithm using standard leave-one-out analysis
techniques. Our dataset density testing involves a similar predictive accuracy
evaluation, this time varying the test-train ratio of the data from 10 to 90 percent, while maintaining k at its most optimal value of 30.
Based on the results of our performance analysis, and the values each dataset
produces for the classification metrics, we develop a multi-variable linear regression function for the purpose of predicting the suitability of a particular
recommendation algorithm to a dataset previously unseen by the system, (The
SmartRadio music ratings dataset). We plot a response-surface graph of the
predictive accuracy of each recommendation algorithm with respect to the classification metrics for our different datasets.
Using this graph and the new datasets classification values, we aim to, and
succeed in predicting the best performing algorithm for the new dataset. Our
empirical results show that there is a significant difference in the relative performance of these algorithms over our four data platforms, and that the resulting
regression function not only correctly predicted the best-performing algorithm
for the new dataset, but also the second best performer.
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The AdRec System

AdRec is a framework wherein recommendation techniques can be dynamically
assigned to datasets based on a lightweight classification of that set. By adopting
this approach to the recommendation task, we hope to minimise the effects of
inherent CF problems such as sparsity and latency [?].
Figure ?? below, outlines the architecture of this adaptive system. Data is
sent to a classification module, which records the salient features of the dataset.
Each of the recommendation techniques in the system then generates its own
recommendations on the data. The recommendations from each technique are
passed to the analysis module which performs accuracy testing on the recommendations, using train-test sets from the data. The performance of each algorithm,
and the associated dataset classification is stored in an SQL database. A regression component then interpolates this data and outputs a regression function
which can predict algorithm performance on a new dataset based only on its
classification metrics.

Fig. 1. AdRec System Architecture.

2.1

Regression

A linear regression model [?] is built up using our evaluations in [?]. This is
based on a predictive function of several variables, as described in [?]:
E{Y } = β0 + β1 X1 + β2 X2
Values for each βi are obtained by taking the classification metric values for each
dataset, together with the best performing algorithm for each set, and solving the
resulting system of simultaneous equations. A new, unseen dataset is classified
in the same way and metrics produced. The regression function is then applied
to this information to predict the algorithm giving the best performance on the
new dataset.
2.2

Java Implementation

The AdRec system has three interfaces, a simple command-line interface in which
parameters are passed directly to the system via the javac command; a GUI implemented in java swing technology, designed to give a better visual impression of
the system; a web-based front-end, in which users can receive recommendations
from each of the algorithms in the system. These recommendations are based
on a short profile of items which the user has selected from one of the available
datasets. Users also have an option to rebuild the similarity model upon which
their recommendations are based, and specify its training set size. This feature
of the system uses Java Servlet technology over an Apache Tomcat web-server.

Fig. 2. The AdRec Front-End GUI

Unlike Herlocker’s CFEngine [?], which implements a full CF system based
on a Java client-server model using Java RMI and CORBA technologies, the
AdRec system is implemented using a simple three tier model, using an SQL
back end, Java and Perl for middleware, and the three Java-based interfaces
mentioned above.

2.3

Similarity Capture in CF Systems

Similarity capture is a vital feature of any CF algorithm, and the manner in
which this is performed can have significant effects on system performance. Similarity can be computed for CF by several well-known techniques, such as Cosine
Similarity, Spearman’s Correlation and Pearson’s Correlation [?]. For our similarity calculations we employ Pearsons Correlation, as it is the most widely used
and allows for better comparison with other systems. It is defined as follows:
P
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where corrx,y is the Pearson correlation coefficient between users x and y, Ri,j
is the rating of item i by user j, and Ri is the average item rating by user i.

2.4

Experimental Data and Dataset Classification

For the initial training phase of the system, four experimental datasets were used:
Jester [?] (an experimental dataset of jokes ratings, consisting of 21800 users
ratings of 100 jokes); EachMovie (73000 user ratings of 1628 movies); PTV [?]
(622 user ratings of TV programmes); and MovieLens [?] (100000 user ratings in
the movie domain). In future work, it is hoped to also include a customer-product
purchase database from an on-line sales company. For the purposes of our testing
we selected subsets of 900 profiles from each of the above datasets comprised of
the largest profiles, ie those users who had rated 20 items or more (with the
exception of PTV, which only contains 622 profiles, and SmartRadio, which has
395). For processing by our system, the datasets were parsed, converted into
the same format and stored in an SQL database. The SmartRadio dataset was
classified according to the same metrics as the others and was found to be over
99% sparse and to have a user-item ratio of 1:9 (β1 = 0.99 and β2 = 0.111). A
summary of the dataset classification is presented in Table 1.
Dataset

User:Item

PTV
MovieLens
Jester
EachMovie
SmartRadio

Sparsity
(%)
1:6
94.25
9:13
63.86
9:1
54
9:17
33.97
1:9 (approx) 99.98

Type
TV Programmes
Movie Ratings
Jokes Ratings
Movie Ratings
Music Ratings

Table 1. Classification of Experimental Datasets.
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Experimental Evaluation

We designed a suite of tests that would empirically show that it is possible for
the system to predict the best-performing algorithm using only the regression
function learned from the classification metrics of the other datasets, and the
values the new dataset has for these metrics. Due to space restrictions, all of
the experimentation and tests used for construction of the regression function
cannot be detailed here. See [?] for detail on this. Figure ?? shows a response
surface graph of the regression function which we used for the predictions for
the IBCF algorithm.
Figure ?? shows the predicted performance levels for the IBCF algorithm
based on two seemingly independent variables: user-item ratio and sparsity. This
graph shows that the predicted performance increases with density of ratings, as
one would expect. The surface is skewed however, by the ratio of users to items
in the dataset. For further work, we would like to introduce a weighting scheme

Fig. 3. Recommendation Accuracy for each algorithm, keeping k constant at 30 and
the test-train ratio at 80%.

for these variables, as the sparsity measure is has more of an effect on the overall
performance of the algorithm.
Having calculated our regression function from algorithm performance and
dataset classification metrics over four training datasets, we introduce the SmartRadio dataset [?]. We run each of the prediction algorithms individually on his
dataset, previously unseen by the system, and evaluate the results using predictive accuracy (mean absolute error and ROC Sensitivity [?]). However, here
we present only a basic predictive accuracy test. These tests are simplified by
keeping the neighbourhood size k and the test-train ratio constant at 30 and 80,
respectively. These are optimal values we discovered empirically and reported in
[?].

3.1

Experimental Procedure

In this paper, we use predictive accuracy as the performance metric for the recommendation algorithms. For each dataset, if a user’s rating is above a certain
threshold, the item is considered “liked” by that user. This level of granularity was chosen because users will use rating scales differently. We tailored the
threshold value for each individual scale, based on distribution of ratings. We
predict the “liked” items for the unseen test data and record accuracy for each
dataset. User profiles are split into training and test data. The training data
is fed to each filtering component, which generates its own predictions for the
unseen test data.

3.2

Experimental Results

To re-iterate: the goal of the AdRec system is to predict the best performing
algorithm for a dataset, based solely on our regression model and on the classification metrics for the new dataset.
The graph in Figure ?? shows that the user-based CF algorithm has a better
predictive accuracy than its competitors. This algorithm was correctly predicted
as the best performer by our regression function. We can see that the performance of all of the algorithms is significantly more poor on the SmartRadio set
than the others. This is due to the high sparsity level in the dataset, as we can
see from table ??

Fig. 4. Recommendation Accuracy for each algorithm, keeping k constant at 30 and
the test-train ratio at 80%.
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Conclusions and Future Work

This paper evaluated three recommendation algorithms within the framework of
AdRec, a system which compiles a predictor function for algorithm performance
based on classification of, and algorithm performance analysis on four training
datasets. We then evaluated the performance of the prediction function on a
new dataset. Our performance results show that the system was able to predict
both the first and second best performing algorithms on the new dataset. Our
testing procedure will be modified to include a ten-fold cross validation as in [?],
decision support metrics, such as Receiver Operator Characteristic (ROC) as in
[?], and better statistical accuracy in the form of mean absolute predictive error.
One of the main drawbacks of this area is the lack of available experimental

datasets. We hope to introduce a new jokes dataset upon which to further test
the system, and incorporate new recommendation domains in our tests.
Possible deployments of such a system include applications which require a
recommendation engine, but a there is not enough knowledge of the area to know
which is the best strategy to employ. This system can essentially personalise a
recommendation strategy to suit the requirements of a particular application.
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