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Abstract. This paper considers some of the information that can be
captured about users and groups from a collaborative filtering dataset
and uses this information to provide a more personalised recommenda-
tion experience. The idea is that features of users are used to provide
evidence as to whether good or poor recommendations are likely for a
given user. This evidence will be returned to a user together with a set
of recommendations and will give the user more information with which
to judge if the recommendations are likely to be accurate or of interest
to the user, e.g., on occasion the user may choose to discard the recom-
mendation if it has been produced by the system using a “weak” set of
evidence.

1 Introduction

Collaborative filtering systems automate the “word of mouth” process that com-
monly occurs within social networks [16], i.e. people will seek recommendations
from people with whom they share similar preferences in an area. Within the
field of collaborative filtering many models and techniques have been proposed,
tested and compared. Additional features of users, items and the recommen-
dation task have also been considered (e.g., product information, demographic
information, time, trust). Studies involving new models, techniques and incor-
porating additional information often have different foci where the aim has not
always been to improve performance. For example, various studies have focused
on dealing with scalability issues [5], dealing with the issue of dataset sparse-
ness [7], including additional information [1], incorporating trust [12] and dealing
with shilling attacks [13].

Although collaborative filtering is most frequently seen as a way to provide
recommendations to a set of users, collaborative filtering datasets also allow
for the analysis of social groups and of individual users within a group, thus
providing a means for creating a new user model, group model or for augmenting
an existing user or group model. We believe that such analysis can also be used
to provide an explanation of how accurate the system predictions are. Mirza et
al. [11] list four desirable aspects of recommendation:



1. “Recommendation is an indirect way of bringing people together.”

2. “Recommendation, as a process, would emphasize modelling connections
from people to artifacts, besides predicting ratings for artifacts.”

3. “Recommendations should be explainable and believable.”

4. “Recommendations are not delivered in isolation, but in the context of an
implicit/explicit social network.”

The approach taken here concentrates on making recommendations more
“explainable and believable” by providing users with an information relating
to whether a recommendation may be accurate or not. The motivation for this
work is that although users are often clustered into groups based on finding
“similar users” and much is known about the effect of various user, item and
group features on the accuracy of predictions, this information has not been used
to support the output of recommendation systems. Although it is unlikely that
sufficiently clear evidence, and thus an explanation, can be found to support
all recommendations and users, it could still be useful to highlight the cases
when a set of recommendations are formed using particularly poor evidence or
particularly strong evidence.

In this work, six features that can be extracted from the collaborative filter-
ing dataset are firstly identified, defined and analysed with respect to their effect
on recommendation accuracy. Some of these features are particular to the rec-
ommendation task while some features use measures from social network theory
and information retrieval. Each feature can provide one piece of “evidence” if its
values are above or below a certain threshold. Thresholds are chosen based on
the analysis of the features effect on prediction accuracy. The more positive or
negative pieces of evidence that exist for a given user, the more likely that the
recommendation results will be accurate (for positive evidence) or inaccurate
(for negative evidence).

2 Related Work

Collaborative filtering techniques produce recommendations for some active user
using the ratings of other users, where these users have similar preferences to the
active user. Collaborative filtering datasets can be predominantly distinguished
by the fact that they are both large and sparse, i.e. in a typical domain, there
are many users and many items but ratings only exist for a small percentage of
all items in the dataset. The problem space can be viewed as a matrix consisting
of the ratings given by each user for the items in a collection, i.e. the matrix
consists of a set of ratings r,;, corresponding to the rating given by a user a
to an item ¢. The problem space can equivalently be viewed as a graph where
nodes represent, users and items, and nodes can be linked by weighted edges in
various ways (e.g., user-item links; user-user links).

There has been much work undertaken in investigating weighting schemes for
collaborative filtering where these weighting schemes typically try to model some
underlying bias or feature of the dataset in order to improve prediction accuracy.
For example, in [2] and [18] an inverse user frequency weighting was applied to



all ratings where items that were rated frequently by many users were penalised
by giving the items a lower weight. In [6] and [18] a variance weighting was used
which increased the influence of items with high variance and decreased the
influence of items with low variance. The idea of tf-idf weighting scheme from
information retrieval was used in [10] (using a row normalisation) and in [§]
(using a probabilistic framework). More recent work in [3], [9] and [14] involve
learning the optional weights to assign to items. In [12] more weight is given
to user neighbours who have provided good recommendations in the past (this
weight is calculated using measures of “trust” for users) and in [4] more weight
is given to items which are recommended more frequently (where the weights
are calculated using an “attraction index” for items).

In general, although some of the weighting schemes for items have shown im-
proved prediction accuracy (in particular those involving learning), it has proven
difficult to leverage the feature information to consistently improve results. There
may be a number of reasons for this including the fact that the dataset is sparse
and also that the data may not always be correct. Even if the data is correct the
underlying preferences that the data “describes” may not always be consistent
as user tastes and opinions may change over time.

3 Methodology

In this paper, the focus is to extract implicit user and group information available
from the collaborative filtering dataset, and to form a user model for each user
and use this model to provide evidence as to how likely the system is to produce
good or poor recommendations for a user. The implicit information extracted
from the dataset is based on simple features which can be extracted from any
recommendation dataset (e.g. number of items rated, average rating value) as
well as extracting features which are based on measures from social network
theory (degree, clustering coefficient) and from information retrieval (tf-idyf).

3.1 Collaborative filtering approach

The collaborative filtering problem space is often viewed as a matrix consisting
of the ratings given by each user for some of the items in a collection. Using this
matrix, the aim of collaborative filtering is to predict the ratings of a particular
user, a, for one or more items not previously rated by that user. Memory-based
techniques are the most commonly used approach in collaborative filtering al-
though numerous other approaches have been developed and used [2]. Generally,
traditional memory-based collaborative filtering approaches contain three main
stages (for some active user a):

— Find users who are similar to user a (the neighbours of a).

— Select the “nearest” neighbours of a, i.e. select the most similar set of users
to user a.

— Recommend items that the nearest neighbours of a have rated highly and
that have not been rated by a.



Standard statistical measures are often used to calculate the similarity between
users in step 1 (e.g. Spearman correlation, Pearson correlation, etc.) [15]. In this
work, similar users are found using the Pearson correlation coefficient formula.

3.2 User and group features

A user model is defined which consists of six features. For some user a the
features are defined as follows:

rated is the number of items rated by the user a.

— avg-rating is the average rating value given to items by the user a.

— std-dev is the standard deviation of the ratings of user a.

influence is a measure of how influential a user is in comparison to other
users. As also considered in [14] and in [11], influence is defined in this work
by using measures from social network theory. In particular, the idea of
degree centrality is used where the dataset is viewed as a graph (or social
network) where nodes represent users and the values of weights on edges
between users are based on the strength of similarity of users to each other
(as shown in Fig. 1 with users linked if their Pearson correlation value is
above 0.25). Degree centrality is then measured by counting the number of
edges a node has to other nodes. Essentially this is a count of the number
of neighbours (above a correlation threshold of 0.25) a user has.

— clustering-coeff is also a measure taken from social network theory and mea-
sures how similar users in a group are to each other using the clustering
coeflicient measure. This measures how connected the neighbours of the user
a are to each other using the graph representation in Fig. 1. For example, if
none of user a’s neighbours are connected to each other, the clustering co-
efficient is 0, whereas if this sub-graph has a clustering coefficient of 1 then
all of user a’s neighbours are connected to each other.

Fig. 1. Graph representation of users and their similarity.

The clustering coefficient is calculated by dividing the number of actual links
by the number of possible links between neighbour nodes for all neighbour
nodes with degree greater than 1. Only user nodes that are connected to



each other with a correlation value greater than 0.25 are considered neigh-
bour nodes. For the collaborative filtering case, commonly used correlation
measures are not commutative so therefore in the representation used, two
edges can exist between two users. Therefore the total number of possible
links that can exist between n nodes is (n? —n).
In addition, in the collaborative filtering case it is possible that small sub-
groups (small values of n) will have high clustering coefficients and therefore
comparisons using clustering coefficient values may not always be meaning-
ful. To overcome this (??) is extended to also include the active user in the
calculation [17]. Thus the formula for the clustering coefficient for a user
a with degree, deg(a), and n neighbour nodes with degree greater than 1
becomes (1):

actual 4+ deg(a)

(n+1)2—-n+1) (1)

Considering the graph shown in Fig. 1 with the active user being user, who
has three neighbours (b, e and f): user e is connected to user f and user b is
connected to user f. Therefore the number of actual links is 2. The degree
of the active node a is 3, therefore the clustering coefficient for this group is
0.42.

— importance Some collaborative filtering weighting schemes incorporate the
idea from Information Retrieval of a term frequency, inverse document fre-
quency (tf-idf) weighting [10],[8]. The idea in information retrieval is to find
terms with high discriminating power, i.e. terms which “describe” the doc-
ument well and also distinguish it from other documents in the collection.
Mapping the idea of tf-idf to collaborative filtering, a “term” can be viewed
as a user with associated ratings for M distinct items. The more ratings a
user has the more important the user is, unless the items that the user has
rated have been rated frequently in the dataset. Note that the value a user
gives an item is not a frequency or weight - it is an indication that the item
has been rated and thus the actual rating value is not used in the following
formula. The formula used to calculate the importance, w;, of a user 17 is:

1 M n
wiZMX;<1+lognj> (2)

where n is the total number of users in the dataset; M is the number of
ratings by user ¢ and n; is the number of users who rated item j.

3.3 User and group features and their effect on accuracy

In this section the relative performance of a collaborative filtering approach is
tested using different sets of users for each of the six features. A set of users
consists of the users who have the same value, or nearly the same value, for
an identified feature. The aim is to ascertain which sets of users will be more
likely to have better or worse predictions (measured using the mean absolute



error (MAE) metric). For each feature, the range of values for that feature (e.g.
[0,1] for the clustering-coeff feature) is broken into regular intervals (typically 8
intervals) and users belong to a particular interval based on their value for that
feature. All users in a particular interval then form a set. Intervals are chosen
such that the set size (the number of users in each interval) must be at least 30
and it is usually around 100.

For testing, a standard subset of the Movie Lens dataset is considered. 30
users are chosen randomly from each set as the test users and 10% of their ratings
for items are removed to yield the items to test (i.e. the system should return
predictions for these items). MAE results are averaged over 10 runs for each set
of users, for each feature. In addition, for each feature a control set of 30 users is
chosen randomly from the entire dataset as test users (i.e. the users are chosen
without considering the feature value of these users).

Fig. 2 shows the MAE results when the rated feature was analysed for eight
sets of users. The rated value ranges from 0 to 668. The users in the first set (0-24
interval) have rated 0-24 items; the users in the second set (25-30 interval) have
rated 25-30 items; etc. A random group of 30 users (with varying rated values)
was also chosen (and are not included on the graph). This random group had
an average MAE value of 0.7624. As expected, the worst MAE value for any set
was for the users in the set who have rated between 0 and 24 items, i.e. these
users have provided the very minimum number of ratings. Although we would
expect that the accuracy should steadily increase as the number of ratings users
have given increases, this was not necessarily the case. However, users who have
rated close to the maximum number of items have the best MAE values.
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Fig. 2. rated MAE analysis.

Fig. 3 shows the MAE results when the avg-rating feature was analysed for
eight sets of users. The MAE for 30 randomly chosen users was 0.7321. The users
with lowest averages (from the minimum to 3.03) have the worst MAE and the
users with the highest averages (> 4.85) have the best MAE.

Fig. 4 shows the MAE results when the standard deviation feature (std-dev)
was analysed for eight sets of users. The std-dev value ranges from 0 to 1.718.
The users with low standard deviation (< 0.06) exhibited the best MAE value
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Fig. 3. avg-rating MAE analysis.

(0.5595 in comparison to the MAE of the randomly selected group which was
0.7779) while the users with the highest standard deviation had the worst MAE.
This suggests that better recommendations can be found for users with lower
variance in their ratings.
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Fig. 4. std-dev MAE analysis.

Fig. 5 shows the MAE results when the influence feature was analysed for
eight sets of users. An in fluence value of 0 means that a user has no neighbours.
As expected, the users with fewest neighbours (0 or 1) have the worst MAE values
and as the neighbourhood size grows there is a general trend towards lower MAE
values. The MAE of the random group was 0.7508.

The clustering coefficient feature (clustering-coeff) was analysed for eight sets
of users with values ranging from 0 to 1 where a value of 0 means that none of the
active user’s neighbours are linked to each other (with a correlation value above
0.25). As the clustering-coeff value increases towards 1 (i.e. the active user’s
neighbours are more similar to each other) the prediction accuracy very slightly
improves. The poorest results are seen for users who have very low clustering
coefficient values. The user importance feature (tf-idf) was also analysed for eight
sets of users. Results were poorer when a user has a low tf-idf weighting value
and results are better when a user has a high tf-idf weighting value.
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Fig. 5. influence MAE analysis.

3.4 Forming the evidence

Based on the graphs in the previous section thresholds were set for each of
the features where, for each feature, a evid-feature parameter is set to 0 if the
evidence is poor; evid-feature was set to 1 if the evidence is good; and evid-
feature was set to -1 otherwise, i.e., in this case it is not possible to clearly say
whether this feature will have an affect on recommendation accuracy. Therefore
some users may receive item recommendations along with an indication that
the recommendations have been found with mostly poor evidence (where evid-
feature is mostly 0) or mostly strong evidence (where evid-feature is mostly 1)
or there may be no explanation if the evid-feature values are mostly -1 or there
is a mixture of values for evid-feature.

4 Experiments and Results

The testing methodology involved checking if the evidence generated by the
system, in terms of poor and good evidence, is supported by the MAE result for
that user and per run, calculating:

— the number of users correctly and incorrectly identified as having good or
poor evidence.
— the number of users not identified as having good or poor evidence.

We suggest that it is equally important to know when predictions are poor (have
been formed using weak evidence) as to know when predictions are strong (have
been formed using stronger evidence). In order to test whether the system had
correctly identified users with good and poor evidence, the mean absolute error
(MAE) metric was used to analyse results where the MAE of each user was
taken as an indication of whether there is sufficient evidence in the dataset to
form good recommendations. A user with MAE below the average MAE was
considered to have sufficient (good) evidence and a user with MAE above the
average was considered to have poorer evidence.

In the experiments performed, the Movie Lens dataset is used with 10% of
users chosen randomly as test users and 10% of their items chosen randomly as



test items. In addition to returning recommendations for all users and items in
the test set the system indicates whether poor or good evidence is available for
the user. Fig. 6 summarises the comparison of the MAE values with the values
of the evid-feature for seven sample users. These users were correctly identified
as having good and poor evidence.

evid_feature
evidence | User ID | ratings | avg_rating std-dev  influence clus-coeff importance MAE
Good 454 1 -1 1 1 -1 -1 0.54
Good 266 1 -1 1 1 -1 -1 0.51
Good 757 1 -1 -1 1 -1 1 0.58
Good 199 1 -1 1 1 -1 -1 0.57
Poor 514 0 1] -1 1] -1 -1 0.51
Poaor 178 0 a 0 -1 -1 -1 1.69
Poor 723 -1 a 0 -1 a -1 0.95

Fig. 6. Sample users with evid-feature values and MAE.

The following summarises the results for one run: 26 users were not identified
as having poor or good evidence. 36 users were identified as having good evidence
(37.5% of the users in the test set). Of these users, 6 users were incorrectly classi-
fied as having good evidence (16%) and the remaining were correctly classified.
Considering the top 40 best results (best MAE for 40 users), 10 users within
this top-40 were not identified as having good evidence, 3 users were identified
as having poor evidence and the remaining were correctly identified as having
strong evidence.

34 users were identified as having poor evidence (35% of dataset). Of these
34 users, 8 were incorrectly classified as having poor evidence and the remaining
were correctly classified. Of the 38 poorest results returned by the system (with
MAE values greater than the average MAE), 8 users were not identified as having
poor evidence, 5 users were identified as having good evidence and the remaining
25 users were correctly identified as having poor evidence.

5 Conclusions and Future Work

In this paper the idea proposed is that a collaborative filtering system often has
the information available to provide an explanation as to whether the recom-
mendations produced by the system are likely to be poor or not. A user is thus
provided with more information with which to judge the recommendations pre-
sented. The information used to obtain these explanations is already available
in the collaborative filtering dataset and some of the information is calculated
as part of the recommendation process. This information includes: the number
of ratings given by a user, the average rating value given by a user, the standard
deviation of user ratings, the number of neighbours a user has, the clustering
coefficient value of a user and the importance of a user.

Results show that a large percentage of users are correctly identified as having
poor or good evidence. However further sample runs need to be performed and



further analysis performed for the cases that were incorrectly identified. Future
work will also consider the parameters and thresholds in more detail.
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