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Abstract

This technical report contains all the measurements in the form of graphs that we conducted in our
research into decentralized recommendation, as initially published in [5]. In particular, it contains our
measurements on the MovieLens 100,000 and 1,000,000 ratings datasets [11], and the Jester dataset [2].

1 Introduction
Many successful recommendation systems are based on the idea of collaborative filtering (CF) [7]. In col-
laborative filtering, two users who have liked the same things in the past are assumed to like similar things
in the future. A user’s preference for a new item, such as a movie or a book, can therefore be predicted
by examining ratings of that item made by users that previously had similar opinions. Traditionally, CF
algorithms operate on complete knowledge, that is, the ratings of all users are known in one location. This
makes it easy to discover the similar users needed to make the predictions. This, however, also makes these
algorithms hard to employ in a decentralized context, where not all users’ ratings can be available at all
locations. In this technical report we investigate how well CF algorithms operate on partial knowledge;
that is, how many similar users does an algorithm actually need to produce good recommendations for a
given user, and how similar must those users be.

We consider the example of a network of millions of interconnected personal video recorders. In the
near future, these devices will not just be able to receive and record programs from satellite or the ether
but also over the Internet. As a result, they will make more content available to the user than ever before,
creating the need for a recommendation system that helps the user to decide what to watch. To build a
decentralized recommendation system for these recorders we need to answer the question: what knowledge
they need to achieve good quality recommendations for their users and how to obtain it?

In the context of personal video recorders, there are a number of related tasks for which recommen-
dation systems can be used. Recommendation information can be used to augment an electronic program
guide by adding a predicted rating to each item. Alternatively, it can be used to rank the items currently
available for a user to watch (i.e., present the user with a Top-N of programs to watch). Both of these tasks
require calculating accurate recommendations for an entire set of items. We conjecture that in a network
that offers large amounts of content a simpler recommendation task might be sufficient. In this situation
users are more likely to be interested in a list of some programs which they are certain to enjoy, rather than
knowing ratings for all programs, or identifying the absolute best of the currently accessible programs.
Simply discovering some good programs creates an easier recommendation task. Firstly, it requires an
algorithm that need only accurately rate programs the user will find good, rather than having to accurately
predict ratings in the entire rating range. Secondly, an absolute ordering of programs is not required. Fi-
nally, only a sufficiently large number of good programs must be identified, it does not matter if some are
missed. This task is more suitable for a decentralized setting in which a Top-N recommendation can never
be fully correct due to the fact that not all programs or ratings data are available to each user.

The main contribution of this technical report is that we show for the well-known MovieLens and Jester
datasets [11, 2] that sufficiently good recommendations can be made based on the ratings of a relatively
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small number of random users. We believe this to be an important result in light of the various attempts to
port CF solutions to decentralized systems. Based on our experiments we conjecture that simple solutions
are good enough.

The remainder of the technical report is organized as follows. In Section 2 we present background on
collaborative filtering algorithms and our system model. Section 3 describes our experiments studying the
effects of the number and type of users on recommendation quality for the MovieLens 100,000 dataset.
The MovieLens 1,000,000 dataset is analysed in Section 4. The analysis of Jester is presented in Section 5.
We present conclusions in Section 6.

2 Background and System Model
The amount of information made available through computer networks often means that people need to be
selective about what content they spend their time on. This is especially true in future video-on-demand
systems where so many videos are available that it is infeasible to even browse through them all. Given
such an overabundance of options, recommendation systems can help people make choices by aggregating
opinions on what others have found, in their experience, to be valuable. In the simplest case such recom-
mendations can take the form of a single joint rating which is given to all users. A group of people can,
however, have very different opinions about the value of an item. More advanced algorithms thus provide
personalized predictions by filtering the opinions upon which a recommendation is made. This is done on
the principle that users that have exhibited similar opinions on items in the past are likely to continue to
have similar opinions on new items [8, 1].

At an abstract level the problem of collaborative-filtering considers a set of N users, U = {u1, . . . ,uN}
and a set of M items X = {x1, . . . ,xM}. Each user provides ratings, taken from a set of possible values, V ,
the rating scale, for a subset of the items in X . These ratings form an N×M user-item matrix, R, where the
entry ri, j is the rating of user ui for item x j, or empty if that rating is unknown. The basic recommendation
task is to predict a rating value for a given empty element ri, j based on the known values in R. This is done
by means of a prediction function, f , where f (R, i, j) 7→V .

The prediction function usually performs two tasks. First, it selects rows from the matrix which cor-
respond to data which is most likely to accurately predict ri, j. Second, it aggregates the information in
these rows to calculate an actual value for ri, j. When the user-item matrix is used as the input to f , the rows
selected correspond to users that are similar to user ui. This is called user-based collaborative filtering. The
item-user matrix, R>, can also be used as the input to the prediction function, thus calculating f (R>, j, i).
In this case the rows selected correspond to data items that have received similar ratings to the item x j. This
is called item-based collaborative filtering [9]. Exactly how f performs the selection and aggregation tasks
is the subject of many studies on which heuristics lead to the best recommendations [3, 1, 9].

In our study, we assume an architecture in which each user has a personal networked video recorder
by which he or she rates content. These personal devices can exchange gathered ratings with the devices
of other users via the network, and use them to make personal predictions to their respective users using
a given prediction function f . As the network grows, it becomes infeasible to distribute all ratings, i.e.
the full matrix R, to all recorders. The video recorder for user ui must therefore base its predictions on a
submatrix of R denoted Ri. In this paper, this submatrix Ri will consist of ui’s own ratings and the ratings
of a specific set of other users, called ui’s peer group, as described in Section 3.1.

Following the above, there are five factors that can influence the quality of the predictions in decentral-
ized algorithms. In addition to (1) the size and (2) composition of the peer group of each user, the quality
of prediction will be affected by the properties of function f itself. In particular, it depends on f ’s (3) selec-
tiveness in choosing rows of the ratings matrix to consider, (4) the sophistication of the method by which
aggregation is performed, and (5) whether the function considers user-based or item-based correlations. We
study the effects of these five factors. As we shall see, the differences between simple and sophisticated
approaches are small enough to raise the question of whether we need sophisticated algorithms at all.
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3 Experiments with MovieLens 100,000
We present an analysis study in which we examine the effects of the five factors identified in the previous
section on the quality of decentralized peer-to-peer recommendation algorithms. We first introduce our
methodology and the dataset we consider in Section 3.1. Next, we study the effect of peer-group size
and composition in isolation from other factors, by using rudimentary prediction functions in Section 3.2.
The analysis is repeated with sophisticated prediction functions from the well-known CF algorithms in
Section 3.3. Section 3.4 analyzes the suitability of the well-known algorithms for the task of identifying
just some good items to recommend to a user (as opposed to the absolute best available). Section 3.5
repeats the analysis of Section 3.4 for the PocketLens peer-to-peer recommendation algorithm proposed
in [4].

3.1 Experiment methodology
For our experiments we organize the users’ personal video recorders into a peer-to-peer overlay. The
personal recorder for user ui will make its predictions on the submatrix Ri, consisting of the ratings of the
peers it is connected to in the peer-to-peer overlay and its own ratings. To test the influence of the five
factors, we vary the number and type of peers ui is connected to and the prediction functions used.

The users’ personal devices are organized into overlays as follows. Each of the nodes in the overlay
stores the ratings data for a single user, that is, the node for user ui stores the ith row of R. Nodes are
connected by directed links to other nodes, called their neighbors, thus forming a peer-to-peer overlay
network. The set of links of each node is called its neighbor cache which has a size c. Only the ratings
data stored at a node’s neighbors is available as input to the prediction function f . Note that because links
are directed, more than c nodes can use the ratings of any particular user.

In addition to varying c, we consider two contrasting peer-to-peer overlay topologies. In the first,
neighbor caches contain links to random nodes, creating a random overlay. In the second, neighbor caches
contain links to the nodes to which a node is most similar, given a similarity function d for rating data,
creating a best-neighbors overlay. Given the base assumption of collaborative filtering that ratings from
similar users provide the best quality recommendations, these two cases represent a worst-case and a best-
case scenario, respectively.

A best-neighbors overlay can be constructed in a decentralized fashion, for instance by using a gos-
siping protocol such as Cyclon/Vicinity [12]. Nodes exchange their rating data and compute the similarity
to the other peers using the given similarity function d. By remembering the best candidates so far, while
continuing to exchange preferences with other peers, each node will eventually fill its neighbor cache with
the nodes most similar to it. As running such a protocol is more expensive in terms of network usage
than discovering random peers, the random and best-neighbor overlays also represent the cheap and expen-
sive solution respectively. We use Pearson’s correlation using significance weighting [3] as the similarity
function to define best-neighbors overlays in all our experiments. Following Herlocker et al.’s conclu-
sions for the MovieLens dataset we set the significance weighting parameters to minCommonItems=2 and
maxCommonItems=100 for all experiments. Negative correlations are not considered.

We evaluate the performance of each algorithm for differing values of c and the two topologies using
the MovieLens dataset [11]. This dataset consists of 100,000 ratings, on a scale of 1 to 5 stars, of 1,682
movies made by 943 users. Each user rates at least 20 items, but the dataset is still sparse: 94% of the
user-item space has no rating. For evaluating the performance we partition this data into a training set and
a test set. The training set forms the matrix R, constituting the users’ ratings used to populate the nodes in
the overlay. The test set consists of 10 randomly chosen movies per user as summarized in Table 1.

Each experiment consists of constructing the peer-to-peer overlay using the training set and then at-
tempting to make predictions for the 9430 withheld (user,movie) pairs. Our experiments thus measure
algorithm performance in making 9,430 predictions based on 90,570 ratings. In particular, each node will
attempt to predict the rating its user ui would give to the 10 withheld items based on its Ri matrix, consisting
of the ratings of the user and those of its neighbors. The resulting predictions are compared to the 9430
actual ratings in the test set using several metrics. The experiments are conducted using the CoFE col-
laborative filtering engine [6] that implements centralized user-based collaborative filtering. We extended
CoFE to support item-based recommendation and the rudimentary recommendation algorithms.
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Table 1: Summary of the ratings in the training and test set of MovieLens 100,000.

Ratings Count in Training Set Count in Test Set
1∗ 5568 542
2∗ 10375 995
3∗ 24721 2424
4∗ 30858 3316
5∗ 19048 2153

Total 90570 9430

We use the following metrics to evaluate predictions. Initially, we consider the mean absolute error
(MAE) metric [10]. Given a list L of H user-item pairs (ui1 ,x j1), . . . ,(uiH ,x jH ), a corresponding list A
of actual user ratings for these user-item pairs ri1 j1 , . . . , riH jH with rik jk ∈ V , and a corresponding list P
of unrounded1 predictions of the ratings for the user-item pairs r∗i1 j1 , . . . , r∗iH jH with r∗ik jk ∈ V , the mean
absolute error is given by:

MAE =
∑

H
k=1 |r∗ik jk − rik jk |

H

Associated with MAE is the coverage metric which measures what fraction of the predictions attempted
actually returned a result. Predictions for user ui and movie x j may fail because, for example, none of the
user’s neighbors actually rated x j.

Mean absolute error is a rough estimation of the overall accuracy of an algorithm. It considers errors
in any part of the ratings scale to be equal. For our stated purpose of identifying a set of some good items,
however, errors at the top end of the scale become more important than errors elsewhere in the scale. In
order to measure recommendation accuracy more precisely we will use the standard information-retrieval
metrics recall and precision in Section 3.4. Recall and precision compare, for a particular query q, the set
of selected items Sq, which were returned in reply to q, and the set of relevant items Tq, which contains all
items that are correct replies to q. Recall measures the fraction of correct replies to q that actually appeared
in the selected set: |Sq∩Tq|/|Tq|. Precision measures, for the selected set, the fraction of correct replies it
contains: |Sq∩Tq|/|Sq|.

3.2 Rudimentary Recommendation Algorithms
In this section we establish a baseline for the effect of varying peer-group size and composition. We
also look at the underlying differences between user-based and item-based algorithms. We consider a
rudimentary prediction function, f0. This function performs no selection on its input matrix. To predict a
rating for user ui of an item x j it simply computes the mean value of the relevant column in the input matrix.
More specifically, when given a user-item matrix R, f0 calculates a user-based prediction by computing the
average of the rating for item x j as given by the nonempty entries in column j (that is, from users who
have rated x j). When given an item-user matrix, f0 calculates an item-based prediction by computing the
average over the values for items rated by user ui.

Figure 1 shows recommendation quality in terms of MAE versus the size c of a user’s peer group (i.e.,
its neighbors). We consider four different inputs to f0. In the user-based cases, the input consists of the
submatrix Ri as constructed from the peer group. In the item-based cases, the input is R>i , the transposition
of Ri. The x-axis shows the effect of having more or less ratings data available to f0; the random and
best-neighbors variants show the effect of the quality of the information available.

The first thing to note when analyzing Figure 1 is the scale of the y-axis. MAE values range from 0.82
to 0.99. An MAE of 1 means that predictions are, on average, one star off from the actual ratings given by
users. From this perspective, a difference in MAE 0.17 is fairly insignificant, and we could say that all four

1Users rate and see predictions as integer values, but for the calculation of prediction-performance metrics the unrounded predic-
tions returned by the recommendation algorithms are used.
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Figure 1: Recommendation quality for the four rudimentary algorithms. For the random overlays, values
are averaged over three runs. The vertical errorbars show the minimum and maximum value obtained in
these three runs. Note that the y-axis starts at 0.72

algorithms perform fairly well. It is interesting to note that the best reported MAE for an algorithm on this
dataset is 0.72 [9].

Because item-based predictions are based on a user’s own ratings, and f0 does not select among these
ratings, the item-based algorithms simply recommend the average of a user’s ratings for all predictions.
Therefore, the results are independent of the network type and peer-group sizes. For group sizes of over
200 these item-based algorithms actually produce the lowest MAE of all algorithms, 0.83. Such a small
MAE indicates that users tend to give similar ratings to all the movies they rate. Table 1 shows that, in
general, this is fairly true for this dataset: the average rating over the whole dataset (training+test) is 3.53
and using this value for all predictions gives an MAE of 0.94.

For the user-based best-neighbors algorithm, in which the peer-to-peer network performs user selection,
we see that smaller group sizes, in which less information is available, produce better results. This indicates
that some users are better predictors of each other than others, and therefore selection can have a positive
effect. It also shows the disadvantage of using averaging, by which mediocre opinions can drown out good
ones, in the aggregation function. The fact that this algorithm performs better than the others only for
groups sizes under 200 indicates that the number of very similar neighbors per peer is fairly small. The
small difference between good performance and bad again indicates that all peers are similar enough to
provide acceptable predictions.

We also calculated the coverage values for the four algorithms, shown in Figure 2. The item-based
algorithms are always able to make predictions for all items. For the user-based best-neighbors algorithm
coverage was about 1.0 for all group sizes showing that nodes’ best neighbors practically always had at
least one rating for their movies in the test set. This could indicate that nodes with a large numbers of
ratings tend to be chosen more often as best neighbors. For random groups coverage was as low as 0.69 for
a group size of 10 but rose quickly to 0.98 or higher for group sizes over 100.

Given the overall small differences in MAE it could be said that even small groups of randomly chosen
neighbors produce sufficiently good recommendations. This leads to the interesting conclusion that we
need only consider small groups of users, and their exact composition may not be that critical. Note,
however, that the difference in terms of MAE between the best performing algorithm to date and the
trivial algorithm that always predicts the average rating is only two tenths of a star. This makes MAE
an unintuitive metric for measuring recommendation performance. The trivial algorithm does not provide
user-specific recommendations nor does it accurately predict which movies are very good or very bad.
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Figure 2: Coverage for the four rudimentary algorithms. For the random overlays, values are averaged over
three runs. The vertical errorbars show the minimum and maximum value obtained in these three runs.
Note that the y-axis starts at 0.4

Therefore, a metric judging this algorithm’s performance should clearly indicate that it performs poorly.
For now, we continue to use MAE as it is a standard metric that, although subtly, gives a decent indication
of the general performance difference between algorithms. We return to the issue of performance metrics
in Section 3.4.

3.3 Sophisticated Recommendation Algorithms
The experiments with a simple prediction function, f0 provided some initial insight into the effect of de-
centralization on recommendation quality. By removing the selection task from the prediction function we
were able to examine the situation where all peer selection (if any) is done by the peer-to-peer protocol. In
this section we reintroduce (additional) selection by the prediction function. Letting the prediction function
make the selection is to be preferred provided quality does not suffer much, as it is a local operation on the
matrix Ri rather than a search operation on the network.

Advanced prediction functions use two types of selection: (1) choosing from the matrix those ratings
of a user that are of interest, and (2) judging the relative importance of the ratings chosen. This second
selection is accomplished by assigning weights to the input ratings. For this experiment we use a prediction
function f1 that was designed by Herlocker et al. [3] to optimize user-based prediction accuracy. This
prediction function performs both types of additional selection. First, when asked to make a prediction for
item x j for user ui, it selects from the matrix Ri supplied by the peer-to-peer overlay the ratings of x j as
made by the z users most similar to ui, thus creating a rating vector~r. To calculate the similarity it uses the
same function as the best-neighbors overlay (Pearson’s correlation with significance weighting).

Second, when making the actual prediction for item x j it weights the rating of the z users most similar
to ui with their similarity value. In short, in addition to any selection by the peer-to-peer network, f1
limits the set of opinions to consider to z and weights those opinions based on just how similar they are in
absolute terms. In this experiment we use a parameter set shown by Herlocker to be optimal for user-based
predictions on this dataset [3], in particular, z is set to 60 and the Pearson significance weighting parameters
are set to minCommonItems=2 and maxCommonItems=100, as before.

Figure 3 shows data for the experiment from the previous section repeated with prediction function f1.
The first two plots in Figure 3 (using the dark symbols) show results for user-based prediction using f1
on random and best-neighbors overlays. For comparison, the f0 results for user-based prediction on the
best-neighbors overlay are also shown. For both overlays, f1 improves predictions over f0. For the random
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Figure 3: Recommendation quality for the sophisticated algorithms. For the random overlays, values are
averaged over three runs. The vertical errorbars show the minimum and maximum value obtained in these
three runs. Note that the y-axis starts at 0.72

overlay, f1 bases predictions only on the more similar users in the random input set. For small group
sizes this results in very little data with which to make predictions, but it is very effective for larger group
sizes. The additional ability to weight these inputs relative to each other allows f1 on a random overlay
to outperform f0 on a best-neighbors overlay for group sizes over 100. Using a best-neighbors overlay
to provide f1 with higher quality input improves recommendation, especially for smaller groups. The
difference between the f1 user-based best-neighbors and the f0 user-based best-neighbors curves shows
how valuable weighting input results can be.

The second two plots in Figure 3 (using the open symbols) show results for item-based prediction using
f1 on random and best-neighbors overlays. Interestingly, even though f1 was not designed as an item-based
prediction function, the results improve slightly on those for user-based predictions. This indicates that
there may be more similarity between items than between users in the datasets, though the imprecision
of the MAE metric precludes hard conclusions. It should be noted that the item-based best-neighbors
algorithm is in fact a hybrid item-based/user-based approach, with user-based selection taking place within
the peer-to-peer network and item-based selection taking place within the prediction function.

We also examined the coverage of the algorithms using f1, shown in Figure 4. This was slightly lower
than the coverage using f0, especially for predictions based on random groups of users, but still above 0.93
for all algorithms for a group size of 100 or more.

Overall, this experiment shows that for a more sophisticated prediction function making item-based
predictions in a best-neighbors network produces the best MAE values. The differences between the al-
gorithms are, however, fairly small. In general, it appears that performing selection within the prediction
function, even out of a small amount of random input, is more effective than performing selection within
the peer-to-peer network. This again indicates that peer-to-peer networks that provide users with small
amounts of random ratings information from other users might be a sufficient basis for decentralized-
recommendation algorithms.

3.4 Identifying Good Programs
Our measurements of mean absolute error in Section 3.3 give an indication of the relative quality of our
recommendation methods. MAE, however, provides only a general measure of overall quality. As de-
scribed in the introduction, in the context of a personal video recorder we are most interested in being able
to produce accurate recommendations for movies at the five-star end of the ratings scale. To investigate
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Figure 4: Coverage for the sophisticated algorithms. For the random overlays, values are averaged over
three runs. The vertical errorbars show the minimum and maximum value obtained in these three runs.
Note that the y-axis starts at 0.2

recommendation behavior in more detail, we employ the standard information-retrieval metrics precision
and recall (see Section 3.1), as follows.

For the user-item pairs in the test set, we separate the list of returned predictions P, according to
prediction value, into the sublists P1∗ , P2∗ , P3∗ , P4∗ and P5∗ . We also divide the actual ratings of the test
set in a similar manner into A1∗ , A2∗ , A3∗ , A4∗ and A5∗ . Thus, P5∗ , for instance, contains all of the five-
star predictions (r∗ik jk = 5) and A5∗ contains all the actual five-star ratings in the test set (rik jk = 5). The
user-item pairs (uik ,x jk) that correspond to the predictions and ratings in P5∗ and A5∗ can be viewed as a
selected-items set S5∗ and a relevant-items set T5∗ , respectively, for the query “find all five-star movies for
each user”. This allows us to calculate precision and recall per rating value. Note that precision and recall
are computed only over the predictions that could actually be made (see the discussion of the coverage
metric in Section 3.1).

We use these new metrics to analyze the best performing according to MAE, the f1 item-based best-
neighbors algorithm, in Figure 7. The figure establishes that items with different values in the ratings scale
are not, in fact, treated equally by the algorithm. In general, precision is higher for items at the extremes
for the rating scale, while recall is higher for items in the middle of the rating scale. This tradeoff between
recall and precision is not unusual, increasing precision requires an algorithm to be more picky about the
replies it chooses, which tends to decrease recall.

Figure 7 indicates that this algorithm tends to predict extreme ratings values only when the rating is
fairly clear, and otherwise chooses a safer prediction in the middle of the scale. This is in line with the
fact that the algorithm does aggregation by taking a weighted average of ratings. Items with mixed reviews
should thus tend to be given mediocre predicted ratings, while items which everyone liked or disliked can
be given extreme ratings.

Fortunately, for the task of recommending some good items, we are most interested in having a high
precision for five-star items, as is the case. Five-star recall is less important, as long as it is high enough
for a query for five-star items to produce some answers. Five-star recall for the test set is 20 percent for
this algorithm at a group size of 200. An average user rates about 21% of movies with five stars, so in the
collection of 1682 movies there are about 357 movies he will like. If we use the recall for the test set as an
estimate for recall on the whole dataset, the algorithm recalls 20% of these 357 enjoyable movies, yielding
roughly 71 movies to watch. At 1.5 hours per movie, this translates to 107 hours of viewing pleasure. A
video-on-demand system is likely to give access to even more content.
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Figure 5: (a) The 1–5 star precision of f1 user-based for differing numbers of similar peers. (b) The
associated 1–5 star recall.
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Figure 6: (a) The 1–5 star precision of f1 user-based for differing numbers of random peers. (b) The
associated 1–5 star recall. Values are averaged over three runs.
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Figure 7: (a) The 1–5 star precision of f1 item-based for differing numbers of similar peers. (b) The
associated 1–5 star recall.
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Figure 8: (a) The 1–5 star precision of f1 item-based for differing numbers of random peers. (b) The
associated 1–5 star recall. Values are averaged over three runs.
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Figure 9: Adapted top precision for differing numbers of peers. For the random overlays, values are
averaged over three runs. The vertical errorbars show the minimum and maximum value obtained in these
three runs. Note that the y-axis starts at 0.76

Comparing the performance of the four f1 algorithms from Section 3.3, we find that using a best-
neighbors overlay instead of a random one results in higher precision values, especially for one-star and
five-star items and groups smaller than 200. In particular, one-star precision is up to 24 percentage points
higher and five-star precision is 11 percentage points higher for the item-based best-neighbors algorithm.
For the user-based best neighbors algorithm these values are 28 percentage points and 8 percentage points,
respectively. This higher precision does not come at the cost of a lower recall, which remains practically
the same for these extremes. Recall for the other values increases up to 6 percentage points. Figure 8 show
precision and recall for f1 item-based using a random overlay.

In general, making item-based in place of user-based predictions results in higher precision for five-star
ratings. The item-based best-neighbors algorithm improves this precision by an average of 8 percentage
points over the user-based best-neighbors algorithm for all group sizes. This is, however, at the cost of re-
call, which we found to be up to 10 percentage points lower for five-star predictions. Meanwhile recall on
four-star and three-star items improves slightly, indicating that item-based prediction gives higher five-star
precision because it has a greater tendency to give predictions from the middle of the scale. One-star preci-
sion decreases around 8 percentage points, its recall went down by 3 percentage points on average. Figure 5
shows precision and recall for f1 user-based using a best-neighbors overlay. Figure 6 show precision and
recall for f1 user-based using a random overlay.

Precision results may be affected by the fact that there are a very small number of one-star items in
the dataset, due to the way user opinions were gathered. A dataset with a more even distribution of ratings
might result in slightly worse precision results. On the other hand, in a video-on-demand network, users
are also likely to watch and rate a majority of items at the upper end of the scale.

For the task of recommending good items, predictions that are slightly off will probably not be noticed,
while predictions that are very wrong could undermine a user’s faith in the recommendation system. A list
of good items to watch should ideally contain only five-star items. A user will probably also be glad to
watch four-star items, but will be annoyed to find one-star or two-star items in the list. We thus introduce a
further metric, adapted top precision (ATP), which measures precision for the query “find five-star movies
for each user” but also considers a four-star prediction a valid answer. Formally, AT P = |S5∗ ∩ (T4∗ ∪
T5∗)|/|S5∗ |. Figure 9 shows ATP for each of the four f1 algorithms. All four algorithms perform well
on this metric. Even the worst performing algorithm at the smallest group size still returns 77% four- or
five-star items when asked for five-star items.
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Figure 10: Recommendation quality for PocketLens and the sophisticated algorithms. For the random
overlays, values are averaged over three runs. The vertical errorbars show the minimum and maximum
value obtained in these three runs. Note that the y-axis starts at 0.72

Overall, the experiments in this section confirm the conclusions we made in Section 3.3. The item-based
best-neighbors algorithm generally produces the best recommendations, especially from the perspective of
simply finding good items. But again, results for item-based prediction on a random network are not that
much worse. We also still find that increasing group size improves results, but that small groups can still
produce good recommendations. As an example, when given the task of finding a set of items which
are predicted to have five-star ratings, for a group size of 200, the item-based best-neighbors algorithm
returns 425 five-star items, 179 four-star items, 26 three-star items, 9 two-star items, and 5 one-star items.
The item-based random algorithm returns 444 five-star items, 202 four-star items, 53 three-star items, 14
two-star items and 10 one-star items.

3.5 Comparison to PocketLens
PocketLens is an item-based prediction algorithm designed specifically for a peer-to-peer setting. In [4],
Miller et al. evaluated the performance of PocketLens using several different underlying overlays: a
Gnutella-based random overlay, a best-neighbors overlay, and two Distributed-Hash Table-based over-
lays. The performance of each overlay was tested using a non-standard version of the MovieLens dataset
with twice as many items. They found the best MAE performance was achieved by the random overlay
and with sufficient coverage (already 90% for groups of just 65 peers). Their measurements thus support
our conclusion that random overlays can be used for decentralized CF algorithms. We show it holds for
the standard MovieLens dataset and for user-based algorithms, and when measured using more expressive
metrics. In addition, we provide a detailed examination of why random overlays can be used.

The basic performance of PocketLens on a random overlay (the only overlay we will discuss here) in
terms of MAE and coverage is shown in Figure 10 and Figure 11, respectively. To examine how PocketLens
performs on the new task of recommending some good items we repeat the analysis from the previous
section for this algorithm. Figure 13 compares the adapted top precision measure for the PocketLens
prediction function on a random overlay with the most similar algorithm we studied, the item-based f1
prediction function on a random overlay. We also plot the results for item-based f1 on a best-neighbors
overlay, the algorithm which produced the best ATP above.

The PocketLens prediction function performs better than f1 on the random overlay for group sizes
smaller than 300, but fails to improve its predictions for larger group sizes. In a more detailed exploration
of this behavior we found that PocketLens produces high five-star precision values in this range, but that
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Figure 11: Coverage for just PocketLens. Values are averaged over three runs. The vertical errorbars show
the minimum and maximum value obtained in these three runs. Note that the y-axis starts at 0.2

this is at the cost of low five-star recall, as shown in Figure 12. For a group size of 100, for instance,
PocketLens has a five-star recall value of 0.07 while the item-based f1 algorithm has a recall of 0.22 (see
Figure 8). Overall, we found that PocketLens produces lower recall for all ratings except for four-stars,
indicating that it has a much greater tendency to guess that items will be rated four-stars, which is the
rounded average ratings value for the dataset (see Section 3.2).

4 Experiments with MovieLens 1 Million
We have repeated the experiments with the MovieLens 1 million ratings dataset (ML1M). It consists of
1,000,209 ratings of 3593 movies by 6040 users. Note this dataset is also very sparse, as 95% of the
user-item space is not rated. This dataset was gathered using the www.movielens.org Website from April
2000 till February 2003, as opposed to September 1997 till April 1998 for the MovieLens 100,000 ratings
dataset (ML100K). We split the ML1M dataset into a training and test set following the same procedure as
ML100K to ensure the experiments are comparable. This means we withhold 10 randomly chosen movies
per user as test set. The dataset is summarized in Table 2. Because ML1M has a different number of users,
this procedure leads to a division where 94% of the ratings is used for training and just 6% for testing, as
opposed to 90%, respectively, 10% for ML100K. As a result, the outcomes in this section may be biased
towards best-neighbors overlays, as more information is available about users. The algorithms used the
same parameters as for ML100K, again to ensure the experiments are comparable.

We first discuss the results of the experiments for ML1M itself, and then compare them to the results
for ML100K.

4.1 Mean Absolute Error
Figure 14 shows the MAE performance of the four sophisticated recommendation algorithms on the ML1M
dataset. The performance of all four algorithms for a group size of 200 is at most 0.05 stars worse than
with a group size of 6039. So knowing the ratings of 3% of the user population yields practically the same
results as knowing the whole population, which is highly surprising.

More surprising is that the difference between using a best-neighbors overlay and a random overlay is
also very small for small group sizes. The difference between the user-based algorithms is just 0.04 stars
for 200 best or random neighbors, and the item-based algorithms yield a MAE that differs just 0.06 stars at
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Figure 12: (a) The 1–5 star precision of PocketLens for differing numbers of random peers. 1-star precision
can often not be calculated because both the number of true positives and false positives are zero. (b) The
associated 1–5 star recall. Values are averaged over three runs.

Table 2: Summary of the ratings in the ML1M training and test set.

Ratings Count in Training Set Count in Test Set
1∗ 53244 2930
2∗ 102047 5510
3∗ 246672 14525
4∗ 328052 20919
5∗ 209794 16516

Total 939809 60400
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Figure 14: Recommendation quality for the sophisticated algorithms with z = 60 on the MovieLens 1M
dataset. For the random overlays, values are averaged over three runs. The vertical errorbars show the
minimum and maximum value obtained in these three runs. Note that the y-axis starts at 0.72
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Figure 15: Coverage for the sophisticated algorithms with z = 60 on the MovieLens 1M dataset. For
the random overlays, values are averaged over three runs. The vertical errorbars show the minimum and
maximum value obtained in these three runs. Note that the y-axis starts at 0.2

200 neighbors. In other words, selecting the 200 best out of 6039 candidates or 200 random ones has little
influence on prediction quality.

We find less amazing results when comparing user-based to item-based algorithms. For group sizes
below 1000, the item-based algorithm on a best-neighbors overlay works best. For similarly sized random
overlays, user-based works better than item-based. The differences between the two variants are, in general,
no more than 0.008 stars, however.

The unusual results are not due to low coverage (defined in Section 3.1) for the random overlays . Cov-
erage measures how many of the predictions could actually be made, and MAE is calculated over just the
made predictions, which would benefit an algorithm that made just a few, but correct predictions. However,
coverage is good at 90% or more for group sizes over 100 for all algorithms, as shown in Figure 15.

This behavior is also not explained by the value of the parameter z in these experiments (see Sec-
tion 3.3). The z parameter controls how many ratings for an item x j an algorithm uses in its prediction.
As in the ML100K experiments, z was set to 60, which means that even when group sizes are large, the
algorithm will use the opinion of just 60 users. This parameter could therefore prohibit performance im-
provements at larger group sizes. This is not the case, however, as rerunning the experiment with z = 120
and up to 1000 peers gave hardly any improvement in terms of MAE, as shown in Figure 16. Figure 17
shows coverage for z = 120.

The conclusion is therefore that in a small random sample of the user population each user can find
sufficiently similar neighbors to make good predictions, according to the MAE metric. Or alternatively, we
can conclude that using all your best neighbors ratings is overkill as it does not improve MAE performance.
In the next section we investigate if these conclusions also hold for our precision and recall metrics.

4.2 Precision and Recall
To focus the discussion, we analyze the precision and recall quality of only the top performing algorithms
on a best-neighbors overlay and a random overlay, which are item-based best-neighbors and user-based
random, respectively. We should mention that all four algorithms react the same to increasing group size,
however; after 200 neighbors the precision and recall hardly change.

The scores of the item-based best-neighbors algorithm in terms of precision and recall per rating value
are shown in Figure 20. As noted, precision and recall vary little beyond group sizes of 200 neighbors,
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Figure 16: (a) Recommendation quality for the MovieLens 1M dataset with z = 120. (b) For
comparison, recommendation quality on the same dataset with the usual z = 60. This latter fig-
ure is the same as Figure 14 except that it ends at 1000 and also shows our measurements at
20,30,40,60,70,80,90,110,120,130,140,150 peers. For the random overlays, values are averaged over three
runs. The vertical errorbars show the minimum and maximum value obtained in these three runs. Note that
the y-axis starts at 0.72 and the x-axis ends at 1000.
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Figure 17: (a) Coverage for the MovieLens 1M dataset with z = 120. (b) For comparison, the coverage
for the MovieLens 1M dataset with the usual z = 60. The latter graph is the same as Figure 15 except the
x-axis ends at 1000. For the random overlays, values are averaged over three runs. The vertical errorbars
show the minimum and maximum value obtained in these three runs. Note that the y-axis starts at 0.2 and
the x-axis ends at 1000.
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only one-star precision still rises 6 percentage points. Figure 19 shows precision and recall for the user-
based random algorithm. Again there is little change as the group sizes grow. The exceptions are one-star
precision that continues to increase by 23 percentage points, and one-star recall that grows 10 percentage
points.

Comparing these two algorithms we see that the best-neighbors algorithm yields better precision at
extreme values: 12 percentage points better for five star and 13 percentage points better for one star. Recall
for five stars is worse, however, up to 24 percentage points and 16 percentage points on average, whereas
recall for four and three stars is on average 9 percentage points better. Overall, the differences between
the best-neighbors algorithm and the random overlay in terms of these metrics are not very big, taking into
account the common precision/recall tradeoff.

We considered just the algorithms with the z parameter set to 60. In the previous section we showed
that setting this parameter to 120 does not improve recommendation performance in terms of MAE and
coverage. Performance in terms of precision and recall also does not improve as can be seen by comparing
the above figures to Figures 22, 23, 24, and 25, which show performance for z = 120 in terms of precision
and recall.

Also for these metrics, we must conclude that the ratings of a small, random group of peers used in
collaborative filtering is a match for larger or more similar groups of peers. In the final part of this section
we focus on the performance of the algorithms at the top end of the rating scale, to see how they perform
on our defined task of finding just some good items (see Section 1).

4.3 Adapted Top Precision
An algorithm suitable for recommending some good items should accurately predict four and five star
items. To measure this property we defined the ATP metric, as explained in Section 3.4. The value of this
metric for the four algorithms under consideration with parameter z = 60 is presented in Figure 26. All
algorithms perform well at all group sizes, returning at least 79% four-star and five-star items when asked
for five-star items. The relative differences are small, the leading item-based best-neighbors algorithm
is just 4 percentage points better than item-based random at group size 200, and becomes less for larger
groups. As setting the z parameter to 120 does not change precision and recall we do not show the ATP for
that parameter setting.

4.4 Comparison to the MovieLens 100K Dataset
The major observation to make is that the number and type of peers needed for good quality recommenda-
tion is independent of the size of the population. In both datasets knowing a group of 200 peers is sufficient,
with similar peers giving some improvement over randomly chosen peers. For the ML100K dataset this
constitutes a random sample of 21% of the peers, for ML1M a mere 3%.

5 Experiments with Jester
The Jester dataset is the largest dataset we analysed and consists of 4,136,360 ratings of 100 jokes by
73,421 users on a continuous scale of -10 to 10 [2]. So apart from the domain, this dataset differs in most
aspects from the two MovieLens datasets. First, the dataset is much less sparse, only 44% of the user-item
space is not rated, as opposed to approx. 95% for MovieLens. Second, the number of items is much smaller
(100 vs. 1682 or 3593 for MovieLens). Third, the number of users is much larger with 73,421 users having
rated items instead of merely 943 or 6040. Finally, the rating scale is much more fine-grained allowing
theoretically infinite and practically 200 different ratings between -10 and 10 as opposed to just five [2].
We refer to the -10 till 10 ratings as the number of smiles assigned to a joke to distinguish them from the
ratings in stars in the MovieLens datasets.

We split this dataset into a training and test set as before. However, as the minimum number of items
that each user rated is 15, we do not withhold 10 ratings as in the MovieLens datasets, but just 6. This leads
to a division where 90% of the ratings are used for training and 10% for testing, in line with the previous
experiments. The training and test sets are summarized in Figure 27.
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Figure 18: (a) The 1–5 star precision of f1 user-based for differing numbers of similar peers with z = 60
on the MovieLens 1M dataset. (b) The associated 1–5 star recall.
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Figure 19: (a) The 1–5 star precision of f1 user-based for differing numbers of random peers with z = 60
on the MovieLens 1M dataset. (b) The associated 1–5 star recall. Values are averaged over three runs.
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Figure 20: (a) The 1–5 star precision of f1 item-based for differing numbers of similar peers with z = 60
on the MovieLens 1M dataset. (b) The associated 1–5 star recall.
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Figure 21: (a) The 1–5 star precision of f1 item-based for differing numbers of random peers with z = 60
on the MovieLens 1M dataset. (b) The associated 1–5 star recall. Values are averaged over three runs.
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Figure 22: (a) The 1–5 star precision of f1 user-based for differing numbers of similar peers with z = 120
on the MovieLens 1M dataset. (b) The associated 1–5 star recall. Note the x-axis ends at 1000.
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Figure 23: (a) The 1–5 star precision of f1 user-based for differing numbers of random peers with z = 120
on the MovieLens 1M dataset. The associated 1–5 star recall. Values are averaged over three runs. Note
the x-axis ends at 1000.
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Figure 24: (a) The 1–5 star precision of f1 item-based for differing numbers of similar peers with z = 120
on the MovieLens 1M dataset. (b) The associated 1–5 star recall. Note the x-axis ends at 1000.
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Figure 25: (a) The 1–5 star precision of f1 item-based for differing numbers of random peers with z = 120
on the MovieLens 1M dataset. The associated 1–5 star recall. Values are averaged over three runs. Note
the x-axis ends at 1000.
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Figure 26: Adapted top precision for differing numbers of peers on the MovieLens 1M dataset. For the
random overlays, values are averaged over three runs. The vertical errorbars show the minimum and
maximum value obtained in these three runs. Note that the y-axis starts at 0.76

We measure the performance of the same four algorithms on the Jester dataset with two different pa-
rameter settings. First, we use the same parameters that were shown to be optimal for MovieLens 100,000;
in particular, the number of opinions considered for each prediction, the parameter z, is set to 60. Second,
we measure performance for z = 80000, which means that the opinions of all peers in a peer group on an
item are taken into account when making a prediction. See Section 3.3 for the exact definition of the z
parameter.

5.1 Mean Absolute Error
The recommendation performance of the four algorithms in terms of Mean Absolute Error with z = 60
are shown in Figure 28. Its shows the MAE for up to 10,000 peers in a user’s peer group. The MAE at
the maximum possible peer group size of 73,420 is 3.29 smiles for user-best and user-random and 3.49
smiles for item-best and item-random, showing that the best-neighbors and random overlays converge as
expected, and that the performance does not change after 10,000 peers.

We argue that, most surprisingly, the performance hardly changes after 200 peers. The (absolute)
difference in performance betweem 200 and 10,000 peers is 0.00 for user-best, 0.10 for user-random, 0.09
for item-best, and 0.03 for item-random. The largest MAE difference found between 200 and 10,000,
or rather between 200 and 73,420 users, is therefore 0.10. As MAE is in terms of the rating scale, this
means the average prediction is just 0.10 smiles off. Given the large (-10.0. . . 10.0 smiles) rating scale, this
difference is negligible. This means that the recommendation performance of these four algorithms when
using the ratings from 0.27 % of the user population is apparently the same as when using the ratings from
the whole user population.

When we compare the performance of the best-neighbors overlays to the random overlays at 200 peers,
we see that user-best has a MAE that is 0.15 better than user-random and item-best’s MAE is 0.25 better
than item-random. So our radical conclusion is that apparently knowing a 0.27% random sample of the
user population yields basically the same results as using the most similar users in taste from the whole
user population, when the z parameter is set to 60.

These conclusions also apply to the results obtains at z = 80000, shown in Figure 29. The only no-
ticeable changes compared to z = 60 are that the performance of user-best and user-random get slightly
worse for groups of more than 300 peers. This is explained by the phenomenon also seen in MovieLens
100,000 ([3],Section 6.2) that the additional opinions on an item, now available to the algorithm because
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Figure 27: Histograms of the ratings in the Jester (a) training and (b) test set.
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Figure 28: Recommendation quality for the sophisticated algorithms on the Jester dataset with z = 60.
For comparison, the MAE of the trivial algorithm that always predicts the average rating value for Jester
(0.742145 smiles) is 4.4718866. For the random overlays, values are averaged over three runs. The vertical
errorbars show the minimum and maximum value obtained in these three runs. Note that the y-axis starts
at 3.2 and the x-axis ends at 10000.

of the relaxed z parameter, are actually from less similar users causing a small increase in error.
In previous sections we saw that MAE is an unintuitive metric where small differences can mean large

differences in actual prediction quality, see Section 3.2. Hence, we need to study the error behavior of the
four algorithms in more detail using our precision and recall metrics. For completeness we show coverage
for Jester with z = 60 and z = 80000 in Figure 30, but as there are just 100 items in the dataset it rarely
happens that no prediction can be made for a given item.

5.2 Virtual 1–5-star Precision and Recall
The MAE metrics show little of the actual behavior of the algorithms, in particular, whether the largest
errors occur at the extreme ends of the rating scale or in the middle. Therefore, we again study the per-
formance of the algorithms using our per-rating value precision and recall metrics, defined in Section 3.4.
However, the Jester rating scale is continuous so these metrics cannot be applied directly. To make them
applicable we would have to round all ratings to the closest integral value. This procedure, unfortunately,
would result in too much detail about the error behavior of the algorithms as it yields 21 lines (-10,-
9,. . . ,9,10 smiles) for precision and 21 lines for recall to show (see Section 5.4). For easier analysis, We
therefore instead translate the continuous rating scale into a discrete, virtual 1–5 star rating scale as follows.
The interval [-10.0,-6.5] is mapped to a rating of 1 virtual star (vstar), the interval (-6.5,-2.5] is mapped to
2 virtual stars, (-2.5,2.5) is mapped to 3 virtual stars, [2,5 to 6.5) is mapped to 4 virtual stars and [6.5,10]
is mapped to a rating of 5 virtual stars. Note that the (-2.5,2.5) interval is larger than the others, so this
translation is biased towards 3 virtual stars.

To focus our discussion, we will compare the two algorithms that performed best in terms of MAE on
a best-neighbors overlay and a random overlay, respectively. For Jester witj z = 60 these are user-best and
user-random for z = 60. Their precision and recall is shown in Figure 31 and 32, respectively. We are
particularly interested how they compare at the extremes of the rating scale.

First, the performance of both algorithms changes particularly little as peer-group size increases. Sec-
ond, the differences between using a best-neighbors overlay and a random overlay are also small. For
precision, they differ marginally only below approx. group sizes of 500 peers. For recall, user-based has
slightly better recall across the whole range. For both user-based and user-random precision is high at the
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Figure 29: (a) Recommendation quality for the Jester dataset with z = 80000. (b) For comparison, recom-
mendation quality on the same dataset with the usual z = 60. This latter figure is the same as Figure 28
except that it ends at 1000. For the random overlays, values are averaged over three runs. The vertical
errorbars show the minimum and maximum value obtained in these three runs. Note that the y-axis starts
at 3.2 and the x-axis ends at 1000.
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Figure 30: (a) Coverage for the Jester dataset with z = 60. Note that the y-axis starts at 0.2 and the x-axis
ends at 10000. (b) Coverage for the Jester dataset with z = 80000. Note that the y-axis starts at 0.2 and the
x-axis ends at 1000. For the random overlays, values are averaged over three runs. The vertical errorbars
show the minimum and maximum value obtained in these three runs.
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Figure 31: (a) The virtual 1–5 star precision of f1 user-based for differing numbers of similar peers with
z = 60 on the Jester dataset. (b) The associated virtual 1–5 star recall. Note the y-axis does not end at 1.0
and the x-axis ends at 10000.
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Figure 32: (a) The virtual 1–5 star precision of f1 user-based for differing numbers of random peers with
z = 60 on the Jester dataset. (b) The associated virtual 1–5 star recall. Values are averaged over three runs.
Note the x-axis ends at 10000.
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Figure 33: (a) The virtual 1–5 star precision of f1 item-based for differing numbers of similar peers with
z = 60 on the Jester dataset. (b) The associated virtual 1–5 star recall. Note the x-axis ends at 10000.
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Figure 34: The virtual 1–5 star precision of f1 item-based for differing numbers of random peers with
z = 60 on the Jester dataset. (b) The associated virtual 1–5 star recall. Values are averaged over three runs.
Note the x-axis ends at 10000.
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extremes of the scale (one-vstar and five-vstar) and recall is relatively low.
For z = 80000 the best performers for MAE are item-best and user-random, respectively (see Figure 29).

Their respective precision and recall results are presented in Figure 37 and 36. Also at this parameter setting
recommendation quality does not change much as group sizes become over 200 peers. If we compare the
best-neighbors overlay and the random overlay, the former has somewhat better precision for all ratings,
up to 6 percentage points for virtual one-star. The best-neighbors overlay also has better recall (up to 4
percentage points), except for virtual three-star ratings, in which case the random overlay performs better.
For both algorithms precision is high at the extremes of the scale and recall is relatively low as for z = 60.

For completeness, we also show the virtual precision and recall graphs for the other algorithms. For
z = 60 item-best and item-random are presented in Figures 33 and 34 respectively. For z = 80000 user-best
and item-random are presented in Figures 35 and 38.

From these graphs we conclude that for the Jester dataset, using a small, random group of users rather
than a group of similar peers of any size for recommendation has little effect on the quality of the rec-
ommendations measured with our precision and recall metrics. With parameter z set to 60 there is no
noticeable effect and when set to 80000 the effect is small.

5.3 Virtual Adapted Top Precision
To investigate the performance of the algorithms at the extreme end of the scale further, in particular, how
well it predicts items that users will really like we apply our Adapted Top Precision metric again. We call it
Virtual Adapted Top Precision in this case as we are using the virtual 1–5 star rating scale that we mapped
the actual -10. . . 10 rating scale to. Figure 39 shows the ATP metric for all four algorithms with z = 60.
The worst performer, the item-random algorithm returns at least 75% four-star and five-star items when
asked for five-star items, which is very good. At 200 peers, all algorithms return more than 90% acceptable
items, and the difference between a best-neighbors overlay and a random overlay is small for all group
sizes above 200. The influence of the z parameter on this metric is negligible as can be seen in Figure 40.

5.4 Rounded Precision and Recall
As this technical report includes all measurements we also add the results of the per-rating value precision
and recall metrics when rounding all ratings to the closest integral value. As mentioned above, this proce-
dure, unfortunately, results in 21 lines per metric per algorithm. We show this rounded precision and recall
for all algorithms and for both values of z.

The results for z = 60 are shown in the following figures: Figure 41 shows the results for user-best,
Figure 42 shows the results for user-random, Figure 43 shows the results for item-best, and Figure 44 shows
the results for item-random.

The results for z = 80000 are shown in the following figures: Figure 45 shows the results for user-best,
Figure 46 shows the results for user-random, Figure 47 shows the results for item-best, and Figure 48 shows
the results for item-random.

6 Conclusions
Our experiments with the Jester and MovieLens datasets bring us to the conclusion that the neighbors from
which a peer receives ratings data may not be critical to the quality of peer-to-peer recommendations. That
is, neither the number of neighbors nor selecting the most similar really matters. If a peer has access to
ratings from a few hundred, randomly chosen other nodes, we see that reasonable recommendations can
be obtained, even if irrespective of the total size of the population. This is a notable result in light of the
various attempts to port existing centralized collaborative-filtering algorithms to peer-to-peer networks. We
conjecture that there may be no need to incur the added costs of structuring a network in order to get good
quality recommendations.
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Figure 35: (a) The virtual 1–5 star precision of f1 user-based for differing numbers of similar peers with
z = 80000 on the Jester dataset. (b) The associated virtual 1–5 star recall. Note the x-axis ends at 1000.
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Figure 36: (a) The virtual 1–5 star precision of f1 user-based for differing numbers of random peers with
z = 80000 on the Jester dataset. (b) The associated virtual 1–5 star recall. Values are averaged over three
runs. Note the x-axis ends at 1000.
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Figure 37: (a) The virtual 1–5 star precision of f1 item-based for differing numbers of similar peers with
z = 80000 on the Jester dataset. (b) The associated virtual 1–5 star recall. Note the x-axis ends at 1000.
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Figure 38: The virtual 1–5 star precision of f1 item-based for differing numbers of random peers with
z = 80000 on the Jester dataset. (b) The associated virtual 1–5 star recall. Values are averaged over three
runs. Note the x-axis ends at 1000.
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Figure 39: Virtual adapted top precision for differing numbers of peers with z = 60. For the random
overlays, values are averaged over three runs. The vertical errorbars show the minimum and maximum
value obtained in these three runs. Note that the y-axis starts at 0.75 and the x-axis ends at 10000.
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Figure 40: (a) Virtual adapted top precision for differing numbers of peers with z = 80000. (b) For com-
parison, virtual ATP with the usual z = 60. This latter figure is the same as Figure 39 except that it ends
at 1000. For the random overlays, values are averaged over three runs. The vertical errorbars show the
minimum and maximum value obtained in these three runs. Note that the y-axis starts at 0.75 and the
x-axis ends at 1000.
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Figure 41: (a) The -10. . . 10 smile precision of f1 user-based for differing numbers of similar peers with
z = 60 on the Jester dataset. (b) The associated -10. . . 10 smile recall. Note the x-axis ends at 10000.
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Figure 42: (a) The -10. . . 10 smile precision of f1 user-based for differing numbers of random peers with
z = 60 on the Jester dataset. (b) The associated -10. . . 10 smile recall. Values are averaged over three runs.
Note the x-axis ends at 10000.
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Figure 43: (a) The -10. . . 10 smile precision of f1 item-based for differing numbers of similar peers with
z = 60 on the Jester dataset. (b) The associated -10. . . 10 smile recall. Note the x-axis ends at 10000.
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Figure 44: The -10. . . 10 smile precision of f1 item-based for differing numbers of random peers with
z = 60 on the Jester dataset. (b) The associated -10. . . 10 smile recall. Values are averaged over three runs.
Note the x-axis ends at 10000.
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Figure 45: (a) The -10. . . 10 smile precision of f1 user-based for differing numbers of similar peers with
z = 80000 on the Jester dataset. (b) The associated -10. . . 10 smile recall. Note the y-axis does not end at
1.0 and the x-axis ends at 1000.
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Figure 46: (a) The -10. . . 10 smile precision of f1 user-based for differing numbers of random peers with
z = 80000 on the Jester dataset. (b) The associated -10. . . 10 smile recall. Values are averaged over three
runs. Note the y-axis does not end at 1.0 and the x-axis ends at 1000.
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Figure 47: The -10. . . 10 smile precision of f1 item-based for differing numbers of similar peers with
z = 80000 on the Jester dataset. (b) The associated -10. . . 10 smile recall. Note the x-axis ends at 1000.
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Figure 48: (a) The -10. . . 10 smile precision of f1 item-based for differing numbers of random peers with
z = 80000 on the Jester dataset. (b) The associated -10. . . 10 smile recall. Values are averaged over three
runs. Note the y-axis does not end at 1.0 and the x-axis ends at 1000.
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