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ABSTRACT

Recommender systems are being used to help users find relevant items
from a large set of alternatives in many online applications. Most existing
recommendation techniques have focused on improving recommendation
accuracy; however, diversity of recommendations has also been
increasingly recognized in research literature as an important aspect of
recommendation quality. This paper proposes a graph-theoretic approach
for maximizing aggregate recommendation diversity based on maximum
flow or maximum bipartite matching computations. The proposed
approach is evaluated using real-world movie rating datasets and
demonstrates substantial improvements in both diversity and accuracy, as
compared to the recommendation re-ranking approaches, which have been
introduced in prior literature for the purpose of diversity improvement.
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1. INTRODUCTION AND MOTIVATION

Many recommendation techniques have been developed over the
past decade, and major efforts in both academia and industry have
been made to improve recommendation accuracy, as exemplified
by the recent Netflix Prize competition. However, it has been
increasingly noted that it is not sufficient to have accuracy as the
sole criteria in measuring recommendation quality, and we should
consider other important dimensions, such as diversity, novelty,
serendipity, confidence, trust, to generate recommendations that
are not only accurate but also useful to users [19,29,34].

In this paper, we focus on the aggregate diversity of
recommendations, which has recently attracted attention in
research literature due to its impact on the shifts in product
variety and sales concentration patterns [11,12,15,31]. As
observed by Brynjolfsson et al. [12], recommender systems can
play a key role in increasing both “long tail” and “superstar”
effects in real-world e-commerce applications. In particular, the
“long tail” literature argues that recommendations on the Internet
help to increase users’ awareness of niche products and create a
long tail in the distribution of product sales [6,11,15,31]. For
example, one study, using data from online clothing retailer,
demonstrates that recommendations would increase sales of the
items in the long tail, resulting in the improvement in aggregate
diversity [11]. In contrast, the “superstar” literature indicates that
recommender systems may promote the so-called “rich get richer”
phenomenon, where users are recommended more
popular/bestselling items than idiosyncratic/personalized ones.
One explanation for this is that the niche products often have
limited historical data and, thus, are more difficult to recommend
to users, whereas popular products typically have more ratings
and, thus, can be recommended to more users [15,26,36].
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More diverse recommendations, presumably leading to more sales
of long-tail items, could be beneficial for both individual users
and some business models [10,11,18]. Exposing individual
consumers to more long-tail recommendations can intensify this
effect.  Thus, more consumers would be attracted to the
companies that carry a large selection of long tail items and have
long tail strategies, such as providing more diverse
recommendations [12].  Also, some business models (e.g.,
Netflix), can benefit from recommendation diversity, because
more diverse recommendations would encourage users to rent
more long-tail movies, which are less costly to license and acquire
from distributors than new releases or extremely popular movies
of big studios [18].

Taking into consideration the potential benefits of aggregate
diversity (hereinafter simply diversity) to individual users and
businesses, several studies have explored new methods that can
increase the diversity of recommendations [2,3,23,27,32]. In
particular, considering that recommender systems typically
compute recommendations to users in two phases — (Phase 1)
estimating ratings of items that the users have not consumed yet
and (Phase 2) generating top-N items for each user — the prior
work can be divided into two lines of research. One line of
research [23,27,32] aims to enhance the estimation phase (mainly
for long tail items), and the other focuses on finding the best set
of recommendations in the recommendation generation phase
[2,3]. The approach proposed in this paper fits within the latter
line of research and, therefore, has the flexibility of being used in
conjunction with any available rating estimation algorithms, as
illustrated by our empirical evaluation. In contrast to simple
recommendation re-ranking heuristics for diversity improvement
proposed in [2,3], we develop a more sophisticated and systematic
graph-based approach for direct diversity maximization, while
maintaining acceptable levels of accuracy.

Our empirical results, using real-world rating datasets, show that
the proposed graph-based approach consistently outperforms the
recommendation re-ranking approach from prior literature in
terms of both accuracy and diversity. The paper also discusses
the scalability of the proposed approach in terms of its theoretical
computational complexity as well as its empirical runtime based
on real-world rating datasets.

2. RELATED WORK

In this section, we briefly discuss two widely used
recommendation techniques that are used in conjunction with our
proposed approach in our empirical experiments as well as two
important dimensions in the evaluation of recommendation
quality: accuracy and diversity. We also discuss a simple
recommendation re-ranking approach from prior literature, which
has been shown to improve the aggregate diversity of
recommendations with only a small loss of accuracy, and which



we will use as one of the baseline comparison techniques.

2.1 Recommendation Algorithms

Let U be the set of users and / be the set of items available in the
recommender system. Then, the usefulness or utility of any item i
to any user u can be denoted as R(u,), which usually is
represented by a rating (on a numeric, ordinal, or binary scale)
that indicates how much a particular user likes a particular item
[1]. Thus, the job of a recommender system in the rating
estimation phase (Phase 1) is to use known ratings as well as other
information that might be available (e.g., content attributes of
items or demographic attributes of users) to estimate ratings for
items that the users have not yet consumed. For clarity, we use
R(u,i) to denote the actual rating that user u gave to item 7, and
R*(u,i) for the system-estimated rating for item i that user u has
not rated before. Given all of the unknown item predictions for
each user, in generating top-N recommendations (Phase 2) the
system selects the most relevant items, i.e., items that maximize a
user’s utility, according to a certain ranking criterion. More
formally, item i, is ranked ahead of item iy, if rank(iy) < rank(i,),
where rank: I — R is a function representing some ranking
criterion. Most recommender systems rank the candidate items
by their predicted rating value and recommend to each user the N
most highly predicted items (where N is a relatively small positive
integer) because users are typically interested in (or have time for)
only a limited number of recommendations. We refer to this as
the standard ranking approach and can formally define the
corresponding ranking function as ranksungara(i)=R (1,i)'. While
the standard ranking approach exhibits good recommendation
accuracy, its performance in terms of recommendation diversity is
poor [2,3], which further emphasizes the need for different
recommendation approaches for diversity improvement.

Among a large number of recommendation techniques that have
been developed over the past decade, collaborative filtering (CF)
techniques represent most widely used and well-performing
algorithms; we use two representative CF techniques for Phase 1
(i.e., rating estimation) in this paper: neighborhood-based CF and
matrix factorization CF techniques.

Neighborhood-based CF techniques. The basic idea of
neighborhood-based CF techniques is, given a target user, to find
the user’s neighbors who share similar rating patterns, and then to
use their ratings to predict the unknown ratings of the target user
[1,9]. There are many variations of computational methods to
identify a user’s neighbors (i.e., by computing the similarity
between users) and aggregate the neighbors’ ratings for the user.
In our experiments, we use a popular cosine similarity measure
for calculating similarity between users, and the final rating
prediction for a specific item to a user is made as an adjusted
weighted sum of the ratings of the user’s closest 50 neighbors on
this item. The neighborhood CF techniques can be user- or item-
based, depending on whether the similarity is computed between
users or items [33]; we use both variations in this paper.

Matrix factorization CF techniques. Matrix factorization CF
techniques have recently gained popularity because of their
effectiveness in the Netflix Prize competition in terms of
predictive accuracy. In contrast to heuristic-based techniques
(such as the neighborhood-based CF techniques mentioned
above), the matrix factorization CF techniques use the existing
ratings to learn a model with £ latent variables for users and items.
In other words, this technique models and estimates each user’s
preferences for k latent features as the user-factors vector and

each item’s importance weights for the k latent features as the
item-factors vector [16,24]. Then, the predicted rating of item i
for user u can be computed as an inner product of the user-factors
vector for user u and the item-factors vector for item i. Typically,
the model-based techniques have been shown to generate more
accurate recommendations than heuristic-based techniques.
While a number of variations for the matrix factorization
technique have been developed, in this paper we use its basic
version, as proposed by Funk [16].

2.2 Recommendation Accuracy and Diversity
Recommendation Accuracy. The goal of this work is to
generate good top-N recommendation lists in terms of accuracy
and diversity and, accordingly, we chose to evaluate the accuracy
of top-N recommendation lists using one of the most popular
decision-support metrics, precision [19]. Simply put, precision is
measured as a proportion of “relevant” items among the
recommended items across all users. Note that the decision-
support metrics, such as precision, typically work with binary
outcomes; therefore, here the notion of “relevance” is used to
convert a numeric rating scale (e.g., 1-5) into binary scale (i.e.,
relevant vs. irrelevant).

More specifically, in our empirical data ratings are provided on a
S-point (or 5-star) scale, and the natural assumption is that users
provide higher ratings to the items that are more relevant to them.
As a consequence, in our experiments, we treat items with ratings
4 and 5 as relevant, and items with ratings 1, 2, 3 as irrelevant, or,
more precisely, we choose the threshold between relevant or and
irrelevant items as 3.5 (denoted by 7y). The list of N items
recommended for user u should include only items predicted to be
relevant and can be formally defined as Ln(u) ={i\, i, ..., in},
where R*(u, i) > Ty for all £ €{1, 2,..., N}. The precision of
such top-N recommendation lists, often referred to as precision-
in-top-N, is calculated as the percentage of truly “relevant” items,
denoted by correct(Ln(u)) = {i eLn(u) | R(u, i) = Ty} among the
items recommended across all users, and can be formalized as:
precision-in-top- N = Z\ correct(Ly (u)) \/Z\ Ly(u)|

uel uelU

In real-world settings, obviously a recommender system has to be
able to recommend items that users have not yet rated (the ratings
for those items typically become available to the system only
after item consumption), i.e., the true precision of the generated
recommendation lists is not known at the time of
recommendation.  However, using two popular real-world
datasets (details on datasets are provided in Section 4), different
popular CF recommendation algorithms discussed above, and
standard cross-validation techniques from machine learning and
data mining, we show that, not surprisingly, precision is highly
correlated with average predicted rating value of recommended
items using for all recommendation algorithms, as indicated in
Fig. 1. In other words, recommending items with higher
predicted rating values results in higher precision (i.e., higher
likelihood that the user would actually like the item), which
provides further empirical support for using the standard ranking
approach if the goal is just to maximize recommendation
accuracy. An important consequence of this relationship is that
we can use the average predicted rating value of top-N
recommendation lists, which can always be computed at the time
of recommendation, as a simple proxy for the precision metric. In
addition, this metric is extremely simple to compute and easily
scales to large-scale real-world applications. We refer to this



metric as prediction-in-top-N and formally define it as follows:

prediction-in-top- N = z Z R*(u,i)/Z\ Ly(u)|

uel ieLy(u) uel
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Figure 1. Precision versus Average Predicted Rating Value

Recommendation Diversity. As discussed -earlier, accurate
recommendations are not always useful to users. For example,
recommending only popular items (e.g., blockbuster movies that
many users tend to like) could obtain high accuracy, but also can
lead to a decline of other aspects of recommendations, including
recommendation diversity. = The inherent tradeoff between
accuracy and diversity has been observed in previous studies
[2,3,30,38,39], therefore, indicating that maintaining accuracy
while improving diversity constitutes a difficult task.

The diversity of recommendations has been assessed at either
individual or aggregate level. The majority of previous studies
have focused on individual diversity [8,21,30,35,37,38,39]. For
example, the individual diversity of recommendations for a user
can be measured by calculating an average dissimilarity between
all pairs of items recommended to a user (e.g., based on item
attributes). In contrast, the aggregate diversity of
recommendations across all users has been relatively less studied,
and the recent interest in the impact of recommender systems on
product variety and sales concentration patterns [11,12,15,31] has
sparked a renewed interest in this topic.

Several metrics can be used to evaluate various aspects of
aggregate diversity, including absolute long-tail metrics that
measure the change in the absolute number of items
recommended (e.g., recommendation frequency of items above a
certain popularity rank), relative long-tail metrics to measure the
relative share of recommendations above or below a certain
popularity rank percentile, and the slope of the log-linear
relationship between item popularity rank and recommendations
(or sales) that can indicate the relative importance of the head
versus the tail of the distribution [12]. In the recommender
systems literature, both absolute and relative long-tail metrics
have been used to measure the aggregate diversity of
recommendations [2,3,19,23,27,37]. In this paper, we use a
simple absolute long-tail metric which measures aggregate
diversity using the total number of distinct items among the top-N
items recommended across all users, referred to as the diversity-
in-top-N [2,3]. More formally:

diversity -in-top- N = ‘ ULy, (u)
uel

and prior research has shown that this simple and easy-to-
compute metric exhibits high correlation with more sophisticated,
distributional diversity metrics [3], i.e., is able to properly capture
the same diversity dynamics as some of the relative long-tail
metrics on several real-world rating datasets. This diversity
metric could also potentially be viewed as a crude indicator of the
system’s level of personalization, because high diversity implies
that each wuser gets very different and unique set of

recommendations (potentially indicating a high level of
personalization), whereas low diversity indicates that mostly the
same items (possibly bestsellers) are recommended to all users
(i.e., low level of personalization).

Although the approach proposed in this paper aims to improve
aggregate recommendation diversity, their accuracy is also given
the proper attention in the paper, because diverse but inaccurate
recommendations may not provide significant value to the users.

2.3 Re-Ranking Approaches for Diversity
Several prior studies have explored improving aggregate diversity
of recommendations [2,3,23,27,32]. As discussed earlier, one line
of research proposes new methods for predicting unknown ratings,
mainly for long-tail items. For example, Park and Tuzhilin [32]
propose new clustering methods to improve predictive accuracy
of long-tail items that have only few ratings, which can also
increase the recommendation of long-tail items. In addition, Levy
and Bosteels [27] design long-tail music recommender systems,
simply by removing popular artists (i.e., with more than 10,000
listeners) in the rating prediction phase. Also, a local scoring
model, proposed by Kim et al. [23], was developed to alleviate
the scalability and sparsity problems by suggesting a more
efficient way to select the best neighbors for neighborhood-based
recommendation techniques; however, as a by-product, it is
shown to improve aggregate recommendation diversity.

In contrast to these studies, another line of research proposes new
approaches for improving top-N item selection after the rating
estimation is performed. In particular, Adomavicius and Kwon
[2,3] propose a heuristic approach for recommendation re-ranking,
which has been shown to improve aggregate diversity with a
negligible accuracy loss and represents an important baseline for
comparison with our proposed diversity maximization approaches.
Typical recommender systems recommend to users those items
that have the highest predicted ratings, i.e., using the standard
recommendation ranking criterion ranks,gaq, as discussed earlier.
While the standard ranking approach is used to maximize the
accuracy of recommendations, as was illustrated by Fig. 1,
Adomavicius and Kwon [2,3] showed that changing the ranking
of items (i.e., not following the standard ranking approach) can
help with other aspects of recommendation quality, in particular,
with recommendation diversity. As a result, they proposed
several alternative re-ranking approaches, and showed that all of
them can provide substantial improvements in recommendation
diversity with only negligible accuracy loss. In our experiments,
as a baseline for comparison, we specifically use the ranking
approach based on the reverse predicted rating value. This is a
personalized yet simple and highly-scalable ranking approach that
can be formally defined as rankgeypreq(i) = R*(u,1).

While this re-ranking approach can significantly improve
recommendation diversity, as might be expected, this
improvement comes at the expense of recommendation accuracy,
since not the most highly predicted items are recommended.
Adomavicius and Kwon [2,3] demonstrate that the balance
between diversity and accuracy can be achieved by
parameterizing any ranking function with “ranking threshold”
Tre[Th, Tmax] (Where T is the largest rating on the rating
scale). That is, the ranking threshold enables to specify the level
of acceptable accuracy loss while still extracting a significant
portion of diversity improvement. The parameterized version
rankpevprea(i, Tr) of ranking function rankgepreq(i) can be
implemented as:
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In particular, items with predicted ratings from [TR, Tjax] Would
be ranked ahead of items with predicted ratings [Ty, TRr), as
ensured by a, in the above definition. Increasing the ranking
threshold 7y towards T},,, would enable choosing the most highly
predicted items (i.e., more accuracy and less diversity — similar to
the standard ranking approach), while decreasing the ranking
threshold 7y towards Ty makes ramkpeypreq(i, Tr) increasingly
more similar to the pure ranking function rankgeyprea(i), i.€., more
diversity with some accuracy loss. Thus, choosing Trxe[Ty, Tiax]
values in-between the two extremes allows setting the desired
balance between accuracy and diversity. In our experiments, we
are able to explore the accuracy-diversity tradeoff of the re-
ranking approach, by varying this ranking threshold 7§ .

In terms of computational complexity, the re-ranking approach is
implemented as a simple sorting algorithm. Assuming there are m
users and n items, the worst case situation for this algorithm
occurs when all » items are available to every user for
recommendation. Then, the heuristic-based ranking does the job
of sorting n items, O(nlogn), for m users, and its complexity
would be O(mnlogn).

3. PROPOSED APPROACH

While the recommendation re-ranking approach can obtain a
certain level of diversity gains at the expense of a small loss in
accuracy, in this section we propose a graph-based approach that
can obtain maximum possible diversity.

Graph-based algorithms have been previously used in
recommender systems [4,22,28], mostly for the purpose of
improving predictive accuracy of CF techniques. We formulate
our problem of diversity maximization as a well-known max-flow
problem in graph theory [5,14]. One simple version of the
general maximum flow problem, which has been extensively
studied in operations research and combinatorial optimization,
can be defined as follows. Assuming that V' is the set of vertices
(or nodes), and E is the set of directed edges, each of which
connects two vertices, let G = (V, E) be a directed graph with a
single source node seV and a single sink node teV. Each
directed edge ecE has capacity c(e)eR associated with it. Also,
the amount of actual flow between two vertices is denoted by
fle)eR. The flow of an edge cannot exceed its capacity, and the
sum of the flows entering a vertex must equal the sum of the
flows exiting a vertex, except for the source and the sink vertices.
The maximum flow problem is to find the largest possible amount
of flow passing from the source to the sink for a given graph G.

Translating the top-N recommendation setting into a graph-
theoretic framework, let users and items be represented as vertices,
and an edge from user u to item i exists if and only if item 7 is
predicted to be relevant for user u, i.e., R*(u, i) > Ty or, in other
words, when the item is available to the user for recommendation.
Each edge has capacity c(e) = 1 and can be assigned an integer
flow of 1 if item 7 is actually recommended to user u as part of
top-N recommendations, and the flow of 0 otherwise. As
described in the example in Fig. 2a, we augment this directed
graph by adding a source node and connecting it by directed
edges to each of the user vertices. Let the capacity of each of

these “source” edges be N and, again, only integer flows of 0, 1,
..., or N are permitted on each of these edges. Furthermore, we
also augment this graph by adding a sink node and connecting
each item vertex by a directed edge to this node. Let the capacity
of each of these “sink™ edges be 1, and again only integer flows
(i.e., 0 or 1) are permitted for these edges.

T

Users Items Users Items
(a) Max Flow Problem (b) Max Bipartite Matching Problem
Figure 2. Top-N Recommendation Task as a Graph Theory Problem

As can be easily seen from this construction, because of the
specified capacity constraints, i.e., “source” edges not allowing
flows larger than N through each user node and “sink” edges not
allowing flows larger than 1 through each item node, the
maximum flow value in this graph will be equal to the maximum
possible number of edges from users to items that can have flow
of 1 assigned to them. In other words, the max-flow value will be
equal to the largest possible number of recommendations than can
be made from among the available (highly predicted) items,
where no user can be recommended more than N items, and no
item can be counted more than once, which is precisely the
definition of the diversity-in-top-N metric.

Note that, while finding the maximum flow will indeed find the
recommendations that yield maximum diversity, since the
recommendation of each item is counted only once (i.e., restricted
to only one user), as part of the max-flow solution some users
may have fewer than N recommendations. The remaining
recommendations for these users can be filled arbitrarily, as they
cannot further increase the maximum diversity. We employ the
standard ranking approach for the not-yet-recommended items for
each user (i.e., the remaining items with the highest predicted
ratings), for the purpose of achieving better accuracy.

The maximum flow problem represents a simple and intuitive
metaphor for computing top-N recommendations with maximum
possible aggregate diversity, and there are many efficient
(polynomial-time) algorithms for finding the maximum flow in a
given graph [5,14]. Note, however, that the flow graph
constructed for the diversity maximization problem is a highly
specialized graph, and it may be possible to find even more
effective graph-based algorithms for this problem, as compared to
general-purpose max-flow algorithms.

To illustrate this, let’s consider the simplest top-N
recommendation setting, i.e., where N = 1. Since each user can
be recommended only one item, all edges in our max-flow
problem would become single-unit capacity edges, implying that
the max flow in this graph will correspond to the largest possible
set of edges from users to items, where no user and no item can be
part of more than one such edge. Because there are no edges
between two different users or between two different items (i.e.,
we have a bipartite user-item graph), for top-1 recommendation



settings the maximum flow problem is, thus, equivalent to the
more specialized maximum bipartite matching problem which,
furthermore, has more efficient algorithmic solutions. Thus,
while the max-flow approach represents a general, intuitive
approach for achieving maximum diversity by implementing a
single-source and single-sink flow network, we follow the
equivalent yet more efficient maximum bipartite matching
approach (as illustrated in Fig. 2b) and also show how it can be
extended from top-1 to the more general top-N settings.

As summarized in Fig. 3, our max-flow/matching optimization
approach consists of two steps: (1) find maximum diversity by
solving the maximum bipartite matching problem and (2)
complete top-N recommendations by applying the standard
ranking approach. Since the maximum diversity in Step 1 can be
obtained at some expense of accuracy, one can control the
balance between accuracy and diversity with the simple
parameterization of a “flow-rating threshold” Tre [Ty, Thax]- This
allows pre-processing of the data, specifically, to include only
higher predicted items (i.e., above 7r) among the items that can be
recommended for the maximum diversity in Step 1. Similarly to
how the ranking threshold was used in re-ranking approaches
(Section 2.3), here the lowest Ty value provides the best diversity
but a relatively lower accuracy, whereas higher values of Ty lower
the diversity but provide a certain level of accuracy. Then, in
Step 2, the highest predicted remaining items are used to complete
top-N recommendation lists.

More formally, let G = (U, [; E) be a bipartite graph, where
vertices represent users U and items /, and edges E represent the
possible recommendations of items for users. A subset of edges
M (i.e., M € E) is a matching, if all edges in M are pairwise non-
adjacent, i.e., any two edges in M share neither a user vertex nor
an item vertex. A vertex is matched if it is adjacent to an edge
that is in the matching (otherwise, the vertex is unmatched). The
maximum matching of a bipartite graph is a matching with the
largest possible number of edges. The maximum bipartite
matching algorithm (for top-1 recommendations) in Step 1 starts
with matching M = & and iteratively adds edges to M, until all
users are matched or no new additional edge can be added. The
edges to be iteratively added to M can be found by finding an
augmenting path for M, which is a simple path (i.e., a sequence of
alternating user and item vertices with no loops) that starts at an
unmatched user and ends at an unmatched item, and its edges
belong alternately to E\M and M. In other words, P=(vy, v, ...,
Von-l, Van) 1S an augmenting path where vogq€U, Veyen€l, vi 1s an
unmatched user, v, is an unmatched item, (vay_1, Vo )&M where k
={1, ..., n}, and (vos1,Vox)EM where k = {1, 2, ..., n—1}. Let
edges(P) comprise the set of all edges of the augmenting path P.
The key property of augmenting paths is that the symmetric set
difference of M and edges(P), denoted as M A edges(P), always
results in a matching with cardinality one more than the
cardinality of M [5,14], i.e., if M'=M A edges(P), then |M'|=|M|+1.
Thus, the notion of augmenting paths allows to find the maximum
bipartite matching, by starting with matching M = & and
iteratively increasing its size one-by-one with each augmenting
path, which we use in our algorithm for diversity maximization
(Fig. 3). In particular, we adopt Hopcroft-Karp algorithm [20],
which finds a maximal set of augmenting paths during every
iteration, i.e., multiple augmenting paths in parallel for all
unmatched vertices, thereby achieving a significant reduction in
time complexity. This is a well-known technique and we

encapsulate it in our algorithm by calling Find AugmentingPaths
subroutine (lines 6, 15 in Fig. 3); the implementation details for
this subroutine can be found in [13].

[Step 1] Find Maximum Diversity
I/ set of edges- items available for recommendation
1 E={(ui)|uel,iel, R*(u,i) € [Tr, Tmxl}
2 G=(UI;E) I/ bipartite graph with users, items, and edges
Ilinitialize a set of unmatched users /items
3 CU=U,;CI:={iellueU, (ui)eE}
4 M= Il set of matched edges M c E
Maximum Bipartite Matching (Top-1 Task)
5 Il find augmenting paths starting from unmatched user vi and ending with
Il unmatched item van
6 P :=Find_AugmentingPaths(G, CU, CI, M)
//'until all users are matched or no augmenting path exists
7 while (CU#J and P # &)
8 foreach (vi, vy, ..., van1, van ) € P dO
9 edges={(va1,vu) | k:==1..n} U {(vas1,va) | k=1..n-1}
Il flip the matched and unmatched edges
10 M :=M A edges I symmetric difference

12 Remove v, from CU [/ one matching per user

13 Remove vy, from CI [/ one matching per item

14 end for

15 P :=Find_AugmentingPaths (G, CU, CI, M)

16 end while

Extended Version for Top-N Recommendation Task

5 YueU, uCnt[u]:=0 /I num. of matches for each user
6 P :=Find AugmentingPaths(G, CU, CI, M)

7 while (CU%J and P # &)

8 foreach (vi, v, ..., Van1, van ) € P dO

9 edges={(va1,va) | k:=1..n} U {(vags1,vai) | k:=1..n-1 }
10 M :=M A edges

11 uCnt[vi] :=uCnt[v;]+1 II'N matchings per user
12 Remove v from CU if uCnt[v,] == N

13 Remove vy, from CI Il one matching per item
14 end for

15 P :=Find_AugmentingPaths (G, CU, CI, M)

16 end while

[Step 2] Complete Top-N Recommendations
17 for each (u, i) € M do
18  Addito LN(u)

19 end for

20 foreachu € CUdo //fill the remaining items according to rankstandard
21 Sort items {iel |R*(u, i)€[Th, Tmax] and i & LN(u)}

22 Addtop (N —| LN(u)| ) most highly predicted items to LN(u)

23 end for

Il 'assign matchings as recommendations

Figure 3. Bipartite Matching Approach to Diversity Maximization.

The original Dbipartite matching algorithm for top-1
recommendations matches a user to only one item and excludes
the matched user for the subsequent iterations, i.e., the user is
removed from candidate user list CU (line 12 of Fig. 3). An
extended version for top-N recommendations relaxes this rule by
waiting to remove the user from CU until the same user is
matched to N items. We also make the extended algorithm more
efficient by allowing a single user to find up to N item matches in
the first iteration (and not just a single match per iteration), which
significantly reduces the number of subsequent iterations.
However, similarly as with the max-flow approach, since an item
can be recommended to only one user, some users may get fewer
than N recommendations. Thus, in Step 2, for accuracy
considerations, the most highly predicted items among remaining
candidate items are chosen to fill the remaining top-N
recommendations for all users. Note that this does not affect
diversity (which is already guaranteed to be maximum).

Using the same example in Fig. 2, we illustrate the first step for




top-1 recommendations, how the maximum bipartite matching
algorithm can obtain the maximum diversity (Fig. 4a). This
algorithm performs two iterations: (Iteration 1) finds all possible
l-edge augmenting paths between unmatched users and
unmatched items, i.e., direct paths without any intermediate
vertices; and (Iteration 2) finds multi-edge augmenting paths,
each of which increases the cardinality of matching by one unit
via alternating non-matched and matched edges in the paths.
After the first iteration of Fig. 4a, the first five users are matched
to one of their candidate items, but user ug is still unmatched
because all her candidate items (iy, 3, i4, i5) are already matched
to other users. The second iteration finds an augmenting path
from unmatched user u4 to unmatched item ig, i.e., P= (ug,is,U1,ig)
and (ue,i2)EM, (u1,i)EM, (uy,ig)EM. As a result, user ug is then
matched to item #,, and user u;, previously matched to item i,, is
now matched to new item iz, which leads to the maximum
cardinality for this example (i.e., max aggregate diversity of 6
items), and the iterations for searching augmenting paths stop.

GICIOXCICIC,
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[Step1] Iteration 1 Iteration 2 [Stepl] [Step2]
(a) Top-1 task (b) Top-3 task
Figure 4. lllustration of Graph-Based Approach.

On the other hand, in case of top-3 recommendations for the same
example (Fig. 4b), while maximum diversity (i.e., 10) is reached
in Step 1, three users (uy, us, ug) are matched to fewer than 3
items. Thus, as shown in Step 2 of Fig. 4b, the remaining top-3
recommendations are filled with the most highly predicted items
among the items available for users.

Note that the sequence in which users and/or items are chosen to
be evaluated in Fig. 3 may have implications on the runtime of the
algorithm. E.g., finding more augmenting paths (and, therefore, a
larger matching) in the first iteration may reduce the total number
of iterations needed to reach the maximum matching. We found
that applying a simple heuristic of first choosing users for
matching who have the smallest number of remaining candidate
items leads to substantial runtime improvements, because of the
smaller likelihood that the items matched to those users can be
replaced by other items, thus, reducing the number of iterations.

As mentioned earlier, for Step 1, we adopt the Hopcroft-Karp
algorithm [20], which is known to be among the most efficient
algorithms for maximum bipartite matching, having complexity of
O(ENV), where E is the number of edges in the graph and V is
the number of vertices on the left side of the graph (i.e., the
number of users in our case) [13]. In a bipartite graph with m user
vertices, n item vertices, and a maximum of mn edges, the
complexity of the Hopcroft-Karp algorithm would be O(mnvm) ,
and by adding the standard ranking approach for Step 2, the total
complexity of the max flow based approach for top-1
recommendation tasks would be O(mnlogn +mnJm) . For top-N
recommendation tasks, we allow multiple edges from a single

user vertex. We propose an efficient extension of bipartite
matching algorithm for top-N recommendations, as discussed
carlier; however, in the worst case, the top-N recommendation
task can be treated as top-1 task with Nm users and,
correspondingly, Nmn edges. Even this worst-case extension for
top-N recommendations does not change the complexity, i.e.,
O(Nmn/Nm) = O(mny/m) , assuming N (i.e., the number of
recommendations provided to each user) is a relatively small,
bounded constant. Therefore, this graph-based approach is more
complex than the re-ranking heuristic, which had worst case
complexity of O(mnlogn), as mentioned earlier.

4. EMPIRICAL RESULTS

In our experimental evaluation, we used two movie rating
datasets: MovieLens (data file available at grouplens.org) and
Netflix (used for Netflix Prize competition). Each dataset is pre-
processed to include users and movies with significant rating
histories, which makes it possible to have a large number of
highly predicted items available for recommendations to each
user, thus, potentially making the diversity maximization task
more challenging. The basic statistical information of the
resulting datasets is as follows. MovieLens dataset has 775,176
ratings with 2,830 users and 1,919 items (i.e., 14.27% sparsity),
and Netflix dataset has 1,067,999 ratings with 3,333 users and
2,091 items (i.e., 15.32% sparsity). For each dataset, we learn
from all of the known ratings and predict the unknown ratings
(85.73% of the whole user-item matrix in the MovieLens dataset
and 84.68% in the Netflix dataset). As discussed earlier, we use
three popular collaborative filtering techniques (user-based, item-
based, and matrix factorization CF techniques), and top-N (N=1, 5,
10) items are recommended for each user.

We predict unknown ratings based on all known ratings, where a
relatively large number of highly-predicted (i.e., with the
predicted rating value above 3.5) candidate items are available for
all users (typically around 500-800 items for each user). Fig. 5
presents a number of representative results obtained from the
empirical evaluation, which shows not only the accuracy and
diversity capabilities of the proposed approach in terms of top-N
recommendation, but also compares it with two baseline
techniques that re-rank the candidate items by their reverse
predicted rating values [3] and at random, as well as with the
standard recommendation technique. As expected, the standard
recommendation technique (i.e., recommending items with
highest predicted ratings) represents the most accurate, but very
non-diverse set of recommendations. In Fig. 5, the representative
accuracy-diversity curves for the baseline random and re-ranking
techniques and for graph-based approach were obtained by using
different ranking and flow-rating thresholds (3.5, 3.6, ..., 5).

One notable finding is that, while the simple re-ranking technique
shows the same or slightly better results than the random
approach, the proposed graph-based approach is able to obtain
substantial diversity improvements at the given level of accuracy,
compared to the two baseline techniques, across all experiments
including different datasets, different recommendation techniques,
and different number of recommendations (N =1, 5, 10).

Another notable result is that, as N increases, significant diversity
improvements can be obtained with increasingly smaller
sacrifices to recommendation accuracy. For example, in top-1
recommendation tasks, the graph-based approach was able to
obtain the maximum possible diversity with a decrease of about
0.5 (on scale 1-5) in an average prediction. However, for top-5
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ABSTRACT

To date, the vast majority of recommender systems research
has addressed the problem of recommending individual items
that the user will like. Recommending collections of items
rather than individual items is an important open space of
research in the recommender systems community. In this
paper, we present a comprehensive framework for describing
and evaluating collections of items. This framework is de-
signed to be domain independent and applicable to any col-
lection recommendation problem. Our framework includes
a categorization scheme for describing collections and a list
of features upon which a collection can be evaluated. We
present a number of examples that showed how these differ-
ent attribute and evaluation techniques can be combined and
applied in a given domain. We then discuss issues relevant to
the building of these systems. This includes challenges in ob-
taining data about users’ preferences for collections. We pro-
pose methods that include obtaining and analyzing existing
collections from websites and developing multi-player online
games to generate data about replacements and preferences.
In addition, we look at how collection recommenders could
be used to assist users either by creating collections from
scratch or by assisting users in their own collection creation
tasks. We believe this framing of an important problem will
lead to new research in the development and evaluation of
algorithms for recommending collections in interesting ap-
plications and with cross-domain applicability.

Categories and Subject Descriptors
H.4 [Information Systems Applications]: Miscellaneous

General Terms
Human Factors

Keywords
recommender systems, collections, collection recommender
systems
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1. INTRODUCTION

To date, nearly all research in recommender systems has
focused on recommending individual items that the user will
like. This has been successful and is useful in a wide range of
domains. Recommending collections of items as a distinct
task from recommending individual items also has broad
applicability, but has received very little attention in the
literature.

There are many reasons to recommend collections of items.
In many cases, items in a collection are complementary so
that the value of each item is increased when it is combined
with other items (e.g., ice-cream, banana, and hot fudge).
Even when items are not complementary, recommending a
bundle of items can help extract more consumer surplus
by essentially sorting individuals into groups with different
reservation prices [1]. Information goods such as music, digi-
tal books, and software are particularly well suited for com-
bining into collections. Those selling such collections can
benefit from the "predictive power of bundling” which under
many conditions can lead to increases in sales, efficiency,
and profits when compared to selling the items individually
[3]. The benefits of bundling items are suggested by the use
of Amazon’s “Buy Together Today” offers that provide one
price for a bundle of items (e.g., two related books).

Many popular online systems thrive on user-generated col-
lections. Collections not only are valuable in themselves,
they often provide a meaningful activity that keeps par-
ticipants coming back. Many major music websites facili-
tates the creation of user-generated playlists (e.g., imeem,
Rhapsody). Tools like iTunes Genius automatically cre-
ate playlists from music in your iTunes library, as well as
recommend related music. They have received mixed re-
views. Sites like Playlist.com, Mixpod, and MixTape.me
create communities around the creation and sharing of mu-
sic collections.

Yet, even these sites provide few tools to augment the playlist
creation process through recommendations that consider the
collection as a whole. In other domains collections are also
common: Amazon has Listmania!, Flickr has Galleries, cloth-
ings stores such as Marie Claire allow you to create collec-
tions of clothing and accessories on a virtual model, recipe
sites like AllRecipies have recipe boxes, and Colourlovers.com
recommends colors that go well together. Nearly all of these
sites currently only support manual creation of collections,
often missing out on the opportunity to recommend items



that fit well with partially completed collections.

There are countless varieties of collections that can be rec-
ommended. Stock portfolios, playlists, menus, and hobby
collections (e.g. Hummel figurines) are just a few diverse
examples. The domain of a collection is certainly impor-
tant for judging its quality. The domain includes the type
of item being recommended, the environment in which the
collection will be created and used, and by whom the collec-
tion will be created and used. However, a general framework
that is domain independent has many benefits. It leads to
a higher-level understanding of collections and allows rec-
ommendation strategies to be shared more easily between
domains by identifying strategies and algorithms that work
for certain classes of similar collections. For example, a tech-
nique for recommending meal plans for diabetics may also
be useful in recommending stock portfolios because both are
unordered collections treated as a unit that must meet a set
of constraints.

Some top-n collection recommenders have focused on the
quality of the set of recommended items as a whole collec-
tion, particularly with respect to diversity of items [2, 4, 20,
12, 19]. We discuss this work further below. However, there
are many aspects of collection quality to be considered be-
yond what has been treated in top-n recommenders so far.
In our previous work [7], we introduced some preliminary
notions of collection recommendation. We focused on a cer-
tain subset of collections, of which mix tapes served as the
canonical example. In this paper, we present a more com-
prehensive framework for describing collections by type and
feature. We also present a full set of attributes by which
the quality of a collection can be measured independent of
its domain. Finally, we discuss challenges to collecting data
needed to support the creation and evaluation of collection
recommender systems and describe how the framework can
be used in different ways to assist the user in building col-
lections.

2. A FRAMEWORK FOR COLLECTIONS

A framework for collections must describe all the features
of a collection that allow different types of collections to
be compared and contrasted independent of their domain.
These features do not address the quality of a collection;
they simply describe it. We introduce four features in the
framework: collection type - unit or selection, ordered or un-
ordered, finite or infinite, and constrained or unconstrained.
We also present six different attributes that can be mea-
sured to determine the quality of a collection: individual
item ratings, order interaction effects, item co-occurrence
effects, size, diversity, coverage, and balance.

2.1 Attributes of Collections

2.1.1 Collection Type: Unit or Selection

Some collections are treated as a single unit to be used as
and evaluated as a single item (e.g. an outfit for a person
to wear). Other collections are designed to be drawn from
(e.g. a library of books). Here, we elaborate more on this
distinction.
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Unit Collections. Many collections are used as a single
item. When all items in a collection are used together, as
though the collection is its own item, we call this a unit
collection.

For example, a mixtape is made up of a series of songs,
but the quality of the collection can be evaluated separately
from the songs themselves. A mix tape that randomly pulls
together songs from completely unrelated genres — some clas-
sical songs, some gangsta rap, some death metal, and easy
listening — and presents them in no particular order may
be considered to be of lower quality than a tape that has a
theme to tie all of its songs together, with carefully selected
ordering to provide smooth transitions between songs, and
with a diverse yet compatible set of songs that are enjoy-
able both individually and in relation to one another. Stock
portfolios, family meals, edited volumes, and the collection
of readings in a syllabus are other examples.

Selection Collections. In contrast to a unit collection are
collections that are not designed to be used all at once,
rather they exist as a set from which the user can draw
a subset of items when needed. We call these selection col-
lections.

A library is an example of a selection collection. We can
evaluate the quality of the collection as a whole by consid-
ering how well it meets the needs it was set up to address.
A library of cookbooks, for example, is not designed to be
used as a unit where every cookbook is used at once. Rather,
individual books are selected out of the collection and used
when needed. Music libraries, wardrobes, and menus are
other examples.

2.1.2 Ordered or Unordered

The order of items in a collection may be important or not.
In the mix tape example above, ordering is very important
to making a good tape. In other collections, order does
not make sense, such as a stock portfolio or a collection of
accessories for an outfit. Finally, depending on the domain,
order may sometimes be important for a collection and not
other times. A cookbook is a collection of recipes. One could
argue that the order in which recipes appear in the cookbook
is not important since the book is not read consecutively, but
rather accessed at arbitrary points. On the other hand, if
the book is treated as a unit, the ordering of items may tell a
story or otherwise improve the experience of using the book,
so it may matter.

2.1.3  Constrained or Unconstrained

For certain collections, there are constraints that must be
met in order for the collection to be useful. A stock portfolio
must be within a certain range of risk. As a more compli-
cated example, a medical diet must have a certain number of
calories, nutrients, and a balance of protein, carbohydrates,
and fat. Certain foods may also be excluded. When rec-
ommending a collection with constraints, each item must
be evaluated with respect to these requirements before it is
added to the collection.

Note that some combinations of constraints can lead to com-
putationally intractable problems. If, for example, the user



is designing a daily meal plan and needs to select a set of
foods that has at least 1,500 calories and cannot exceed 1,700
calories, where foods must come from a balance of categories
(starches, vegetables, proteins) and also achieve the recom-
mended daily allowances of a set of nutrients, the problem
quickly begins to look like a variant of the Knapsack Prob-
lem which is NP-Complete [5]. Recommender systems are
not designed to search for optimal solutions; they find pref-
erences. Thus, when putting constraints on collections it is
important to consider if a recommender system is the appro-
priate technique for selecting items. Recommenders should
be used when constraints are simple and user preferences are
important, not when finding items that meet the constraints
is the difficult problem.

2.1.4 Finite or Infinite

While no collection is truly infinite, we borrow the concept
of finite and infinite horizons from game theory. In an it-
erated game, a finite horizon describes when the players
know how many times the game will be played. An infi-
nite horizon describes when the game is played such that
the players do not know when it will end, or it is played so
many times that the end seems so far away that the players
treat it as though it will continue indefinitely. Translating
this to collections, some collections have a fixed size that is
small enough where users can consider the whole collection
at once; we call these finite collections. Other collections are
designed to be ever-increasing in size and these are what we
call infinite collections. It is not that the set of items that
make up the collection is infinite, it is that they are cycled
through continuously without end.

To understand the distinction between a finite and infinite
collection consider a music playlist of classical music. The
playlist itself could be considered a finite collection that
stands on its own. Now consider a system that continu-
ously samples from the classical music playlist, which can
be thought of as a "seed” collection. It may randomly select
songs from the playlist or it may select songs to play next
based on rules such as "don’t play the same song twice in a
row” or ”"play songs from different time periods.” No matter
the case, the entire music stream would be considered an
infinite collection and it could be judged independently of
the underlying collection of songs from which it pulls.

Most of the examples mentioned so far — cookbooks, mix
tapes, stock portfolios — are finite. A radio station or an
ongoing meal plan for an individual are examples of infinite
collections.

2.2 Valuing Collections

To create systems that recommend collections of items, we
must have a method of scoring a collection to determine if
one collection is better than another. In this section we
describe a set of measures that can be used to evaluate col-
lections. Note that some of these evaluation methods will
not apply to all type-feature combinations of collections.

2.2.1 Individual Item Values

In current research that recommends sets of items, the indi-
vidual item value has been the primary — and often the only
— concern. When creating a collection, including items that
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the user will like will certainly make it better. Previous work
has shown this for mix tapes, where collections with many
highly rated songs outperformed those with many poorly
rated songs [16]. Thus, collection recommenders should con-
sider the user preferences for individual items. Evaluating
the quality of a given item for a user is where the bulk of
existing recommender systems research has focused [8]. Ex-
isting techniques can be used for this part of the evaluation.

Note that the tolerance for lower value items may be higher
in a selection collection than in a unit collection because not
every item in a selection collection need be used. Having a
song that I don’t particularly care for in my iTunes library
(selection collection) doesn’t lower the value of the entire
collection as much as it would if it were included in a mix
tape of 10 songs designed to be played straight through (item
collection).

2.2.2  Order Interaction

In ordered collections, ordering can impact the quality of the
collection in several ways. Absolute placement of an item
can be important; some items may work better in a given
position. For example, an overview article may fit best at
the beginning of an edited collection of articles rather than
in the middle or at the end. Similarly, some songs may work
well as the first or last song in a mix tape. Or, songs with
certain characteristics (e.g., "favorite” songs) may work best
as first songs, a hypothesis our mix tape experiment dis-
cussed below. Note that this type of absolute placement
order effect does not apply to infinite collections. It only
applies to selection collections inasmuch as the absolute or-
dering helps with the selection process itself (e.g., items are
listed alphabetically or sortable by other characteristics).

Relative placement of items to one another can also be im-
portant when ordering items in a collection. Two items may
go very well together in a particular order, while other pairs
may clash when placed in sequence. The relative ordering
effects are typically independent of their absolute placement
in the collection. For this reason they are applicable to infi-
nite collections as well as finite collections. If two songs clash
with one another, this is likely true if they are part of a mix
tape (finite collection) or a radio station play sequence (infi-
nite collection). Or, songs with certain characteristics (e.g.,
favorite songs) may work best as first songs, as demonstrated
in earlier work [7].

2.2.3 Item Co-Occurrence Effects

Regardless of whether a collection is ordered, the interaction
of items within it can affect its quality. Some items work well
together and others do not. These co-occurrence effects are
one of the most important factors in the success or failure
of many collections.

It can be a complex task to evaluate co-occurrence effects.
Even two items that both have high individual item ratings
may not work well together. Someone might like chocolate
and also like pickles, but not the two together. This is a
rather intuitive effect when considering pairs, but gets more
complicated when considering the quality of larger sets of
items such as a triple.

For example, chocolate bars and graham crackers are a fine



combination; marshmallows and chocolate bars are also; and
marshmallows and graham crackers are as well. None of
these pairs are poor but neither are they exceptional. How-
ever, the combination of all three into a smore makes a much
beloved snack for many people. The combination of all three
items is better than would be indicated by looking at the
three pairs. On the other hand, three items that are very
good pairwise can make a bad triple. Consider building a
research team of two professors and one graduate student.
The professors may work well together, and each may work
well with the student. However, all three may have trouble
working together. The presence of a student may bring out
some tension between the faculty members about who is in
control, and the student may have trouble balancing work
or contradictory instructions from them.

Similar scenarios can be made moving up from groups of
three to four, and so on. While it is certainly useful to look
at the compatibility of groups of two or even three items,
this approach quickly becomes computationally difficult, re-
quiring O(nk) comparisons for groups of size k.

Co-occurrence effects are most relevant to unit collections,
where each item is directly tied to other items in a whole.
However they may apply to selection collections. For exam-
ple, a music selection collection that includes many music
genres (e.g., rap, country, and gospel) may lose credibility
and be valued less by those who strongly dislike one of those
genres, even if they would not select songs of that genre
when using the collection.

2.2.4 Size

For finite collections, the number of items in the collection
may be important. Collections can be too big or too small,
depending on the domain or purpose. Consider a collection
of accessories for an outfit. Even if all of them work well
together, there still may be too many for the collection to
be considered good. On the other hand, a mix tape with
only three songs would often be considered too short. Se-
lection collections typically benefit from an increase in size
since larger collections mean more options from which to
choose. However, even selection collections can grow too
large, making selections too challenging or time intensive.

2.2.5 Item Distribution

For collections to be successful, they may need items to be
distributed in certain ways. For example, having diversity
among recommended items has been shown to be important.
Similarly, in some domains it is important to have items that
cover a set of sub-categories and/or have a proper balance
across those sub-categories. In these latter cases, the value
derives not from the items simply being different from an-
other, but from the fact that there are different categories
represented and the distribution of items over categories is
appropriate to the domain. These three ideas are distinct,
but obviously strongly interrelated. To emphasize these dif-
ferences we discuss each of these in separate sections, recog-
nizing that their relationship is a tight one.

Item Diversity. Diversity of recommended items is one fea-
ture of collections that has been addressed by a handful of
researchers in recent years, although it deserves much more
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attention. Although not discussed in the context of collec-
tions, researchers have recognized problems with many ex-
isting recommender systems which suggest the top-N items
(e.g., Amazon’s list of the 5 most related books) [2, 4, 20,
12]. The problem they have identified is that the items of-
ten lack sufficient diversity, recommending items that the
person already knows or recommending items that are too
similar (e.g., songs all by the same artist). Even though
the items each have a high probability of being liked, they
fail to satisfy the user’s desire to be exposed to new ma-
terial. Researchers have recognized that to overcome this
problem they must consider the top-N recommended items
as a "portfolio” rather than individual items [2].

Some authors have developed algorithms that recognize the
need to balance and diversify recommendation lists in order
to reflect a user’s complete array of interests. For example,
Zeigler et al. have considered the entire top-N "portfolio”
in the context of recommending books [20]. They develop
a "topic diversification” algorithm that balances accuracy of
suggestions with an individual’s full range of interests using
existing hierarchal book classifications. They also develop
a metric for measuring intra-list similarity that is generic
enough to refer to different kinds of item features such as
genre, author, timeframe. Their metric is designed for a case
where order is not important since rearranging positions of
recommendations in a top-N list does not affect the list’s
intra-list similarity metric.

Their user study found that item-based algorithms benefited
from a small boost in diversity, while user-based algorithms
did not [20]. Zhang and Hurley develop a general approach
to considering diverse subsets of items (e.g., top-N lists) by
considering the problem as the optimization of an objective
function under constraints of a certain type [19]. They also
develop an objective measure of diversity which only requires
that there is a measure of the dissimilarity between each pair
of items. Finally, diversity of a set is addressed in [13] in the
context of news aggregators where users vote on articles.
The approaches that these papers have developed could be
applied to collections in addition to top-N lists.

Coverage. Diversity deals with having items that are dif-
ferent from one another. These differences may be based on
the attributes of the items themselves or on the categories
or genres into which the items fall. Increased diversity will
have more items that are in different categories or have dif-
ferent attributes, or the magnitude of the difference between
items will increase. Coverage, on the other hand, is inter-
ested only in the categories in which recommended items are
found. Furthermore, coverage measures which categories are
covered by the recommendation.

A collection may have high item diversity but poor cover-
age. For example, a cookbook may include a wide range
of recipes of several types, suggesting high item diversity.
However, it may not include any desserts or side dishes,
suggesting poor coverage, particularly if it were a general
purpose cookbook. Conversely, a cookbook with good cov-
erage of all of the types of dishes may lack enough diversity
of recipes and ingredients to make it valuable



The needed coverage will depend on the domain and in-
tended use. While diversity and coverage are closely related,
they are certainly distinct concepts measure different inter-
actions between items in a set.

Balance. Balance is closely related to coverage. While cov-
erage addresses if there are or are not items recommended
in a specific category (essentially a binary measure), balance
describes the distribution of items in categories. Balance can
be applied with or without any category coverage require-
ments. Simply having a “good” proportion of recommended
items among categories may be sufficient to make a good
collection.

In the cookbook example above, all categories may be cov-
ered, but the balance may be poor. If, for example, the book
was marketed as a general cookbook but 90% of the recipes
were for main dishes featuring chicken, it would not be well
balanced for its type.

3. EXAMPLE COLLECTIONS

There are countless types of collections with different fea-
tures, requirements, and domains. We present several ex-
ample collections to illustrate some of the different possi-
bilities, see how they relate to our framework, and review
related research that has been done in the space of collec-
tion recommendation. Table 3 shows even more examples
and how they fit into the framework.

3.1 Family Dinner

As opposed to a multi-course meal, a family dinner is one
where all dishes are served at once. The meal usually in-
cludes a main course and several side dishes, often including
a vegetable and a starch. Depending on the number of peo-
ple and the occasion, there may be a large number of options
(e.g. American Thanksgiving dinner which often includes 6
or more side dishes) or only one choice for each category
(one main course, one starch, and one vegetable dish).

This menu is not ordered. Thus, there are no ordering ef-
fects in the menu, but other interaction effects are present.
Ideally, each menu item would be enjoyable by itself, and
the combinations of items work well pairwise and overall. A
menu with tacos as a main course would probably not serve
cranberry sauce as a side dish. The size of the meal also
matters. For two people, a dinner with 12 different dishes is
likely to be considered to have too many items, whereas a
meal with only two dishes may be completely appropriate.

The items in the meal are usually expected to provide some
coverage of different categories (e.g. a main course and side
dish). Among these dishes, there must be proper balance.
Many people would consider a dinner for four with four
loaves of garlic bread and one small piece of lasagna to share
among all four people improperly balanced, even though it
covers the main course and side dish categories. However, di-
versity of items beyond coverage and balances is sometimes
but not always a requirement.

As just one example, a meal of fried chicken, french fries, and
a biscuit has very little variety diversity relative to what is
possible in a meal; two of the three items are fried, two are
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starches, and everything is similarly flavored and textured.
While not the healthiest option, many people would con-
sider this a tasty dinner and a good combination of items.
Thus, while variety has its place, it is not always an impor-
tant component of a single meal. Generally, these meals are
not constrained, but if the domain is shifted to one of diet-
ing or where there are medical conditions to be considered,
constraints on many aspects of the meal could arise.

3.2 Collectible Card Games

Collectible Card Games, like Magic the Gathering, are games
where players build decks of cards from their collections, and
play a game with at least one other player using those cards.
Thus, the overall collection of cards is a selection collection,
since individual items are chosen from it to be used in a par-
ticular game. The quality of a collection is generally judged
by its size, diversity, coverage, and balance.

With more cards, the player has more options in creating
a deck. Thus, larger collections are almost always bet-
ter. Games have different categories of cards, and having a
proper balance among those categories, covering all the cat-
egories in some way, and having a wide range of cards from
common to rare and across categories is important. Inter-
estingly, though, the user’s preference for individual cards
does not generally impact the quality of a collection.

For example, in Magic the Gathering a large proportion of
the cards - roughly 1/3rd - are common cards called “lands”.
These are necessary in this proportion for game play, but the
value of an individual land card is extremely low. Common,
low-valued cards of other types are also necessary to have
well represented in the collection because they are needed
in most decks for the player to be effective. Generally, indi-
vidual cards that are rare and highly valued cannot be used
extensively in a game deck because of the way the game is
played, and this means they are also a small part of the over-
all collection. Thus, in this example, individual item values
are not important to the value of the collection. Diversity,
coverage, and balance, on the other hand, are critical.

3.3 Music Libraries and Playlists

One space of collection recommendation that has received
significant attention in the literature is playlist generation.
These systems build lists of songs for users based on their
known preferences. However, much of this research focuses
on building a list of songs where each song is evaluated
individually; little attention is paid to the quality of the
collection as a whole with focus on interaction effects, co-
occurrence relationships, order effects, etc.

Consider an individual who has an iTunes Music Library of
a few hundred songs. The library itself can be considered a
collection, one that is typically a finite, selection collection
where order is not particularly important (except perhaps
to help locate a song). Constraints on the collection may
include hard drive space and cost. Note that we could use
the music library as the seed for an infinite collection that
continuously played music from the library (e.g., in random
order).

Although talking about music libraries can be useful in some
contexts, users typically consider individual playlists - collec-



Table 1: A table of collection types with indications of the value measures that may apply to them. Note
that these are intended as examples but there may be cases for a given type of collection where a different

mix of measures would be used.
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Mix Tape Unit X | X X[ X[ X|X|X
Playlist Unit X X | X | X X | X | X
Family Dinner Unit X X X | X X | X
Fashion Runway Collection | Unit XX XX | X[ X|X[X|X|X
Collectible Card Games Selection | X XX | X|X
Medical Meal Plan Selection X | X X | X | X
Cookbook Selection | X X X | X | X
Radio Station Selection X X | X | X X | X | X
Board of Directors Unit X | X | XX X[ X | X

tions of songs that are pulled from a personal music library
(or larger music database) into some coherent collection.
Playlists can be hand-crafted or automatically generated.
Indeed, automatic playlist generation via systems such as
iTunes Genius, The Filter, and MusicIP are already popu-
lar. In these tools, users typically provide a seed song and
the system automatically creates a list of related songs from
the user’s library, often using content-based approaches that
measure the similarity of songs based on various dimensions
(e.g., rhythm, artist, genre) (e.g., [15]).

These automatic playlist generators don’t typically pay at-
tention to order, simply showing the top-N similar songs,
perhaps with a few dissimilar songs thrown in at the end of
the list to enhance diversity (e.g., [11]). A few novel systems
such as PATS try to balance a desire for coherence (i.e., sim-
ilarity of songs) and variation (diversity of songs) by assur-
ing that the same song is not recommended multiple times
[16]. Their approach was successful in that PATS-generated
playlists outperformed randomly assembled playlists [16]. A
user study of an automatic playlist generator running on a
mobile device showed that there was significant interest in
such tools and that there is a need to group or spread out
songs that are overly similar (e.g., from the same artist) [11],
suggesting that relative order effects are important.

As with the iTunes Music Library example, playlists can be
used as seeds for infinite collections that cycle through the
songs in the playlist, as for example occurs when songs from
a playlist are selected and played as background music at a
party. The way in which songs from the playlist are cycled
through may take into consideration order effects, diversity,
coverage, and balance, or it could be completely random.

Playlists also highlight how it is possible to conflate several
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types of collections. Note that the quality of the music li-
brary and the quality of a playlist created from that library
are related, but different. The music library should be eval-
uated as its own collection. Since the music collection serves
at least in part as a selection collection from which playlists
can be created, the music library should be fairly large, di-
verse, and have good balance and coverage. If the library is
only used for a specific genre (e.g. classical music) it should
still have all those attributes within the given genre. The
playlists created from this library obviously depend on the
collection of items available, but are judged on other criteria.
This will include the diversity of songs selected, the order
interaction as one song flows to the next, its coverage and
balance, and the quality of the individual items.

3.4 Mixtapes

Unlike playlists, which often serve as seeds for infinite col-
lections that can continue forever, mixtapes are always finite
collections, usually with fewer than 20 songs. This difference
allows for consideration of absolute placement in the order-
ing (e.g. which song goes first or last), and farther reaching
interaction effects as we judge the flow of songs over the
whole collection rather than within a sliding window.

In previous work [7], we ran experiments with users, ask-
ing them to create mix tapes of 10 songs from a set of 15
possible songs. Subjects were also asked what factors they
thought were important in making a good mixtape. Our re-
sults showed that subjects included songs they liked more of-
ten (individual item values), that the first song on the mixes
was rated significantly higher than songs in other positions
(order interaction effects), and certain songs appeared to-
gether much more often than expected while others were
never used together (co-occurence effects). In the open re-
sponses, 70% of subjects said that there should be a theme



to a mixtape (co-occurrence effects on a larger scale than
pairwise interactions) and 2/3rds of subjects said that the
order of songs is important. These quantitative and qualita-
tive results show that apart from the individual songs that
make them up, mixtapes have value as collections and that
certain features can make one mix better than another.

4. RECOMMENDER SYSTEMS FOR COL-
LECTIONS

Once this background data is available and the type and
attributes of the collection have been identified, there are
many ways a collection recommender system can be used.
While item recommender systems generally suggest one item
or a set of items from which the user can choose, collection
recommenders have more possibilities. They can suggest
whole collections, assist users in their creation of collections,
and help improve existing collections by offering additions,
removals, and replacements according to constraints or the
user’s preferences.

Certainly, recommending entire collections from scratch is
important and useful. There are many domains where fully
automated collection generation is desired. For example,
if a user is at the gym with her MP3 player, she may not
have time to create a playlist from scratch. In this case,
a system that automatically chooses and orders songs with
little to no user intervention is desirable. Users with little to
no knowledge of the stock market may have no preferences
about individual stocks, and so after specifying constraints
for the portfolio, a system that automatically selects invest-
ments would be useful. In fact, this latter example is similar
to the way people invest when choosing a fund; they do not
focus on the individual items but rather select an existing
collection with attributes that best meet their desires for
risk, return, etc.

On the other hand, there are also many cases where users do
not want fully automated recommendations of collections.
Rather, they would prefer a system that helps them in their
own collection creation. One domain where this has been
studied is in playlist generation. Users have complained
that automatic playlist generators remove the fun of cre-
ating playlists and do not provide enough possibilities for
customizing playlists [11]. One approach to overcome this
problem is to create a semi-automatic playlist generator such
as SatisFly that augments the creation of playlists by rec-
ommending songs that fit various specified constraints [17].
This general approach leads to questions not just in collec-
tion recommendation but also in designing appropriate user
interfaces and social practices around the use of these sys-
tem. These recommender systems that augment collection
creation will need to walk a fine line between suggesting
content while still facilitating exploration and autonomy.

With proper background knowledge, these recommenders
can also be built into existing systems. For example, a per-
son with a Hummel figurine collection may search eBay for
new items. A collection recommender could work on top
of eBay, searching available items and ranking those which
would add the most value to the existing collection. Simi-
larly, a recipe website that allowed users to input the dishes
they planned to serve could suggest other recipes to fill out
the meal with compatible items. Making changes to existing
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collections could also be a useful application of these algo-
rithms. Someone may have a recipe and want a substitution
for an item.

For example, someone who does not like asparagus may ask
the system to recommend a replacement for a stir fry, and
the system could look at its underlying data and suggest
snow peas as a substitute. More generally, systems could
allow users to increase the level of diversity in a collection
along a sliding scale or highlight items that may be prob-
lematic when placed together.

Indeed, optimizing any feature of collections - diversity, in-
dividual item preference, etc. - by adding, removing, or
changing items are all valid and useful techniques for rec-
ommender systems in this area.

Although many collections are used by an individual, other
collections are used by many people. These shared collec-
tions are a particularly interesting area of future research.
Indeed, group recommender systems that balance the prefer-
ences of multiple individuals to recommend items are an ac-
tive area of research [14, 9]. Issues such as diversity, item co-
occurrence interaction effects, coverage, and balance within
collections seem particularly important within a group con-
text.

Finally, it is worth noting that it is possible that for some
types of collections it will simply not be possible to produce a
recommender algorithm that takes into account all the value
measures that apply to the collection. The data space may
simply be too sparse, even in the most well used systems.
The interaction of items in a collection and the connection
between those interaction effects and personal taste may also
be too complex for a recommender system to address. As
algorithms for these systems and data collection mechanisms
are developed, the limitations will become clearer.

S.  CONCLUSIONS

Recommending collections of items rather than individual
items is an important open space of research in the recom-
mender systems community. In this paper, we presented
a comprehensive framework for describing and evaluating
collections independent of their domain. Collection types
include unit or selection collections, ordered and unordered,
finite and infinite, and constrained or unconstrained.

The quality of these collections is judged based on the value
of the individual items, order interaction (on ordered col-
lections), co-occurrence effects, size, diversity, coverage, and
balance. We presented a number of examples that showed
how these different attribute and evaluation techniques could
be combined and applied in a given domain.

Work that looks at more diverse types of collections will
provide many valuable insights into collection recommenda-
tion generally as well as to the specific domain. There is
also independent research to be done in the data collection
techniques. The games research described in [10, 6, 18] has
been successful in gathering data for individual item collec-
tion, and projects that extend this research to collections
would be interesting and relatively straightforward to con-
duct. Our framework helps in this area particularly because



once a data collection technique is developed for a particular
problem, it should be immediately and directly applicable to
problems with the same framework attributes and valuation
methods.

In addition, collection recommender systems can support a
variety of different applications: automatic collection cre-
ation, augmented collection development, and item selec-
tion. These techniques will all require usability research in
addition to development of the algorithms themselves.
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ABSTRACT

The recommendation diversity is increasingly being recognized as
an important issue in satisfying users’ needs for recommender
systems. Various diversity-enhancing methods have been
developed to increase diversity while making personalized
recommendations to users. However, one crucial issue remains.
Could the diversity, as system designers have carefully
incorporated, be perceived by users and influence their interaction
behaviors? In this paper, we try to investigate whether this issue
can be addressed at the interface level. Our goal is to understand
design issues that enhance users’ perception of recommendation
diversity and more importantly their satisfaction. A within-subject
user study was conducted to compare an organization interface,
which groups recommendations into categories, with a standard
list interface. Our user study results show that the organization
interface indeed effectively increased users’ perceived diversity of
recommendations, especially perceived categorical diversity.
Correlation results reveal that the perceived categorical diversity
in recommendation lists has a significant correlation with users’
perceived ease of use of a system, perceived usefulness of the
system and attitudes towards the system, thereby resulting in a
positive effect on their intention to use the system. We conclude
by proposing design guidelines based on our study observations.

Categories and Subject Descriptors
H.5.2 [Information Interfaces and Presentation]:
Interfaces — Evaluation/methodology.

User

General Terms
Design.

Keywords
Diversity, Recommender System, User Study, Interface Design,
User Satisfaction.

1. INTRODUCTION

During a long period, prediction accuracy was considered as the
sole criterion when evaluating recommender systems’ quality.
However, recent studies have increasingly indicated that accuracy
is not enough for a satisfying recommender system, in particular
from a user’s point of view [8, 13]. Other criteria, such as

diversity and serendipity, are emerging as important
characteristics ~ for  consideration to  generate  useful
recommendations [5, 8]. In this paper, we focus on

recommendation diversity issues.
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Diversity is an intrinsically desirable property for a recommender
system. Firstly, users’ needs are commonly uncertain beforehand
[15, 16]. Varied options could broaden users’ domain knowledge
about the recommended items and help them clarify their
requirements. Secondly, recommender systems are expected to
help users explore and discover new items of interest [8]. For
users, it is more valuable to obtain the recommendations that they
would love, but are different from those which they have already
purchased or used [9]. For e-commerce websites, recommending
varied items has the potential to make more profits by increasing
the sales diversity [7]. Thirdly, it is important for recommender
systems to convince users that the recommended item is the best
one for them. The existence of diversity in recommendations has
the capability of decreasing the difficulty of making a choice and
enhancing users’ confidence in their choices by providing
comparison among recommendations [2, 10].

Even though many diversity-enhancing algorithms haven been
proposed in the literature [1, 12, 14, 21, 22, 23], few studies have
investigated users’ perception of recommendation diversity and
how such a perception could influence their satisfaction and
acceptance of a system. In [23], Ziegler et al. did a large scale
online study, and their online experimental results show that
users’ overall satisfaction with recommendation lists not only
depends on accuracy, but also on the range of reading interests
covered. They also found that human perception can only capture
a certain level of diversification inherent to a list. Beyond that
point, it is difficult for users to notice the increasing diversity
degree. Therefore, it is worth investigating how to help users
overcome the cognitive limitation and be aware of the existence of
diversity in recommendation lists, aimed at achieving a high level
of satisfaction to a system.

Currently, the conventional ranked list interface is still a popular
way of displaying search/recommendation results. However, this
method is highly inefficient in some cases [3]. For example, the
number of retrieved search results can be easily beyond the extent
of human cognitive capability. Users tend to focus on the top of a
list and items that are located farther down in the list would attract
little attention. By nature, the ranked list interface is likely to
impede users’ perception of the diversification of
recommendations. Therefore, we are considering whether
alternative approaches, such as a proper interface layout design,
could augment users’ diversity perception.

In this paper, we conducted a within-subject user study,
comparing an organization-based interface, which groups
recommendations and displays them in a category style [3, 16],
with a conventional list interface, while keeping the
recommendations in the two systems identical. We utilized
Amazon.com as our experimental platform due to its well-known
reputation in the field of recommender systems. Its standard list
interface for recommendations was replaced by an organization-



based interface with the help of a proxy program. In this study, we
attempt to answer the following two research questions:

1) How can interface designs influence users’ perceived
diversity?

2) How does diversity perception affect users’ satisfaction of a

system?

The contributions of this paper include three aspects. Our results
suggest that the organization-based interface indeed effectively
increased users’ perceived diversity of recommendations,
especially perceived categorical diversity (i.e., users perceive that
various kinds of items were recommended to them). In addition,
we empirically explored the influence of perceived diversity on
users’ acceptance of a recommender system. Correlation results
show that categorical diversity more significantly influences
users’ perceived usefulness of the recommender, their attitudes
toward the system and their intentions to use the system. Finally,
based on the findings in this study, we proposed specific design
guidelines.

The reminder of the paper is organized as follows. We first
provide an overview of related research work on diversity
enhancing technologies and diversity-related user studies in
recommender systems. In Section 3, we describe the organization-
based interface design methods. In Section 4, we present a
detailed description of our experiment, including experiment
design, evaluation metrics, and dataset, followed by the
experimental results, discussion and the derived design guidelines.
Finally, we present the conclusions and future work.

2. RELATED WORK

Traditional diversity-enhancing methods are operated as a
heuristic search. The bounded greedy algorithm proposed in [1,
21] is the first attempt to explicitly enhance the diversity of a
recommendation list without significantly compromising their
query similarity characteristics in case-based recommender
systems. It first ranks all recommendable items according to their
similarity to the current query. Then, it sequentially transfers
items from this ranked list to a final recommendation list such that
each selected item maximizes the product of its similarity to the
target query and its diversity relative to the cases that have already
been selected. Most diversity-enhancing methods follow this
fundamental re-ordering strategy [14, 19].

The concept of diversity was also considered in the design of
critiquing-based recommender systems. Pu and Chen [4, 16]
proposed a dynamic compound critiques generation method,
which takes diversity among critiques into account. McCarthy et
al. [11] also proposed an idea of generating diverse compound
critiques in the context of conversational recommender systems.

Zhang and Hurley [22] suggested presenting the competing
concerns of similarity and diversity as constrained binary
optimization problems. They applied their optimization strategy to
the top-N prediction problem and achieved improvements on both
diversity and accuracy compared to a standard item-based
collaborative filtering algorithm.

McGinty and Smyth [12] highlighted the pitfalls of naively
incorporating diversity-enhancing techniques into existing
recommender systems and proposed an adaptive diversity-
enhancing algorithm. They pointed out that diversity should be
provided adaptively. When a recommender system appears to be
close to the target case, diversity should be limited to avoid
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missing it. But when the recommender system is not correctly
focused, diversity can be used to help refocus more effectively.

In [23], the authors proposed a topic diversification approach
based on taxonomy-based similarity. They compared not only the
accuracy measures in different levels of diversification for both
user-based and item-based CF, but also subjective satisfaction
results from a large scale user survey. Their results show that
users’ overall satisfaction of recommendation lists goes beyond
accuracy and involves other factors, e.g., the users’ perceived list
diversity. Their work first shed light on the critical value of
diversity from the perspective of users.

Castagnos et al. [2] investigated the impact of recommenders on
users’ product search patterns by observing their interaction
behaviors with an online product retail website with an eye
tracking system. They demonstrated that users’ need for diversity
led them to use the recommender systems, compared to the
traditional information filtering tools. Furthermore, they found
that the diversified recommendations could enhance users’
confidence by providing the capability of comparison. To
conclude their findings, they proposed a time-dependent
satisfaction model which demonstrates the dynamic compromise
between accuracy and diversity in recommender system. Our
work is similar to theirs. Differently, we investigate the relations
between perceived diversity and users’ acceptance of the system
in a within-subject user study by comparing the influence of two
interface designs.

3. ORGANIZATION-BASED INTERFACE

The idea of organization-based interfaces was first proposed as an
explanation interface, with the aim of inspiring users’ trust in
recommender systems [16]. Pu and Chen implemented more than
13 paper prototypes of organization-based interfaces to explore
the design dimensions. Based on the results of testing these
prototypes with real users in the form of pilot studies and
interviews, they derived five design principles: 1) categorize
remaining recommendations according to their similar tradeoff
properties relative to the top candidate; 2) propose improvements
and compromises in the category title using conversational
language; keep the number of tradeoff attributes under five to
avoid information overload, e.g., “these products are cheaper and
lighter, but have slower processor speed”; 3) eliminate dominated
categories, and diversify the categories in terms of their titles and
contained recommendations; 4) include actual products in a
recommended category; 5) rank recommendations within each
category by exchange rate (i.e., the preference-based utility value
relative to the top candidate) rather than similarity measure.
Consequently, the organization-based interface design essentially
considers the diversity issue both among categories and within
each category.

Previous studies have indicated that organization-based interface
designs are highly effective in building users’ trust of a
recommender system, with the benefit of increasing users’
intention to return to the agent and saving users’ cognitive effort
[16]. More recently, Chen and Pu [3] performed a user study with
an eye-tracker to compare the efficacy of two recommender
interface designs, list-based and organization-based interfaces, in
affecting users’ decision making strategies through the
observation of users’ eye movements and product selection
behavior. Their results showed that organization-based interfaces
can significantly attract users’ attentions to more items with the
resulting benefit of enhancing their objective decision quality.
Based on their findings, we assume that the organization interface



designs have the capability of assisting users in perceiving the
diversity of recommendation lists. In our experiment, we utilized
a variation of the conventional organization-based interface
approach, Editorial Picked Critiques (EPC) technique, to generate
categories for our organization-based interface. We will introduce
EPC technique in detail in the following section.

3.1 Editorial Picked Critiques (EPC)

EPC was originally developed in the context of applying
critiquing-based recommendation technology to public taste
products such as music, films, perfumes, fashion goods and wine
[18]. In contrast to high-involvement products such as PCs, digital
cameras, users tend to spend less time choosing public taste goods
and are more likely to rely on public opinions or experts’ advice
to make decisions [20]. EPC was designed to take into account the
public opinions, popularity information and editorial suggestions,
as well as the needs for personalization and diversity.

EPC first identifies five important unit critique categories that
match users’ attention and needs for public taste goods: price-
driven critiques, popularity-based critiques, diversity-driven
critiques, similarity-driven critiques, and special recommendation
(similar to editorials special picks). Items in the similarity-driven
critiques are those which are similar to the selected product and
could be generated by recent similarity-based recommendation
approaches, such as content-based or collaborative filtering
methods. This category is titled as “people who like this may also
like”.

Compound critiquing categories are generated on the basis of
these unit critiques. In [18], a set of five compound categories
were proposed for perfume products: “more popular and
cheaper”, or “more popular but more expensive” in the case that
the former category does not contain any products, “same brand
and cheaper” or “same brand but more expensive”, “just as
popular and cheaper”, “same price range and just as popular”, and
finally “people who like this also like”. When generating
recommendations for each category, users’ preferences are taken
into account.

In our experiment, we adopted these compound categories
proposed in [18] as our classification categories for the
organization interface. We remapped the recommendations from
Amazon into these five categories, and we used Amazon’s
bestselling order and customers’ ratings as a popularity measure.
The items which cannot be categorized into any of the first four
categories are put into the category “people who like this also
like”.

4. EXPERIMENT
4.1 Materials

A well-known commercial website, Amazon.com, was used as
our experimental platform due to its high reputation in the field of
recommender systems. Its standard list interface was used as the
baseline. The organization version was achieved with the help of
an open-source filtering HTTP proxy program, PAW '. The
recommendation list we used was “Customer Who Viewed This
Item Also Viewed” in the detailed information page for each
product (perfume in our experiment). Unlike the organization-
based interface designs in [2, 3, 16], the categories in this study
were organized in a tab-based structure to better conform to the
horizontal list style in that website. By clicking on each tab, users
could see the recommendations in the corresponding category.

! http://paw-project.sourceforge.net
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Table 1. Demographic characteristics of participants.

Gender Male Female
10 10
Chinese (10), Swiss(2), Indian(3),
Nationality Romanian(1), Croatian(1), Portuguese(1),
Iranian(1), Georgian(1)
Education Bachelor, Master, Doctor
. student, research assistant, engineer,
Profession ) .
interface designer
Age 21-30 31-40
19 1

The categories which had no products were not presented. A
screenshot of the organization (ORG) interface is shown in Figure
1. The original list-view (LIST) interface used in the website was
adapted to only show five products each time to remain consistent
with the organization-based interface. A screenshot of the list
interface is shown in Figure 2. In either interface, the number of
displayed recommendations was restricted to be the same (five in
the current study) and the “next” and “previous” buttons were
used to explore more items in a list. In order to avoid confusion,
we removed the recommendation list of “Customers Who Bought
This Also Bought” from the page. In addition, we placed the
section “Customers Who Viewed This Item Also Viewed” just
beneath the selected product so that users could easily notice it.

4.2 Dataset and Participants

The dataset of perfumes used in this experiment was crawled from
Amazon and updated just before launching the study to ensure
that we had a dataset containing the most recent and popular
fragrance products available on the market. In our experiment,
21,071 items were accessible, covering 13,246 items for women
(6,281 Eau de Toilette, 689 Cologne and 6,276 Eau de Parfum)
and 7,825 items for men (6,066 Eau de Toilette, 1,474 Cologne
and 285 Eau de Parfum).

A total of 20 participants (10 females) were recruited in our user
study. The incentive for the participants was a lottery: one out of
the 20 users could win a 100 CHF gift voucher to purchase one of
the perfumes the winner put in the basket during the study. These
participants were from 8 different countries with various
professions (student, research assistant, engineer, interface
designer); their age ranged from 20 to 40, and they represented
various educational backgrounds (from bachelor, master or
Ph.D.). The details of their demographic characteristics are shown
in Table 1. In addition, four background questions were asked in
terms of users’ previous computer knowledge, internet usage,
perfume knowledge and experience with Amazon. All participants
said that they were regular computer users and used the Internet
frequently. 11 participants indicated “agree” to the statement “I
have knowledge about perfume”, 8 participants marked “neutral”
and just one said “disagree”. 17 of the participants had used
Amazon before.

4.3 Evaluation Criteria

In order to evaluate users’ perceived qualities of a recommender,
we used a simplified version of a user-centric recommender
evaluation model (ResQue) [17]. More specifically, two
questions were designed to measure users’ diversity perception of
the recommendation lists. One referred to the difference among
categories, querying whether “the items recommended to me are
of various kinds” (called categorical diversity). The other
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Figure 2. The standard list interface.

considers the difference among each item, asking whether “the
items recommended to me are similar to each other” (also called
item-to-item diversity). We also tried to investigate the influence
of perceived diversity on users’ acceptance of a recommender
system. In our evaluation, we took into account perceived ease of
use and useful ness of a system (facilitation, effectiveness, and
supportiveness), users’ attitudes towar ds the system (satisfaction,
conviction, and confidence), and behavioral intentions to use it
(intention to reuse, intention to tell friends, and intention to
purchase). Besides, we measured users’ perception on
recommendation quality. Table 2 lists all of the questions as
measures of these subjective variables. Each question was
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required to respond on a 5-point Likert scale from “strongly
disagree” (1) to “strongly agree” (5).

4.4 Experiment Design and Procedure

Our user study was conducted in a within-subjects design. All
participants used both interfaces, and then filled in a post-stage
assessment questionnaire for the respective interface (see Table 2).
In the end, they were asked to answer about their preferences on
these two interfaces. All participants were randomly assigned to
two experimental conditions, with a differing order in using the
two interfaces. That is, 10 users in one condition evaluated the list
view interface first and then the organization view interface; the



Table 2. Post-stage assessment questionnaire.

1D Questions

Q1 | ITam interested in the items recommended to me.

Q2 | The items recommended to me are of various kinds.

Q3 The items recommended to me are similar to each other.
(reversal question)

Q4 Finding an item to buy with the help of the
recommender is easy.

Q5 The recommended items effectively helped me find the
ideal product.

Q6 I feel supported in selecting the items to buy with the
help of the recommender.
Overall, I am satisfied with the recommender provided

Q7 .
by this system.

Q8 | Iam convinced of the products recommended to me.

Q9 | I am confident I will like the items recommended to me.

Q10 | I will use this recommender again.

Q11 | I will tell my friends about this recommender.

Q12 I would buy the items recommended, given the
opportunity.

other condition had a reverse order. Counterbalance measures
were taken to eliminate fatigue and learning effects as much as
possible.

The user study was run at the office of an administrator who
supervised the experiment and assisted participants to successfully
complete all tasks, with the help of a desktop computer. Users’
click behaviors were automatically recorded into log files. At the
beginning, participants were asked to read a printed introduction
and debriefed on the upcoming tasks. They then answered a series
of background and demographic questions. In order to clarify the
evaluated interfaces to the participants, two printed screenshots

were shown and a brief description was given by the administrator.

Then, they started using these two interfaces.

Participants were given specific tasks when using each interface.
In the first interface, we asked a user to find up to three perfumes
that he/she has never heard of or used before and would be willing
to purchase for himself/herself given the opportunity and put them
into the shopping cart. When using the second interface, the user
was asked to search for three perfumes which he/she would be
willing to purchase for someone of the opposite gender as a gift,
in order to reduce the potential influence of users’ familiarity with
the product domain after using the first interface. After using each
interface, the user was asked to fill in a post-stage assessment
questionnaire to evaluate the interface he/she just tested. The
questions are listed in Table 2.

Finally, all participants were asked to answer a questionnaire
about their preferences on these two interfaces in terms of five
aspects: general preference, informative, useful, good at
recommending, and good at helping perceived diversity. These
questions are listed in Table 3.

5. RESULTS ANALYSIS

5.1 Users’ Subjective Evaluation

All responses for the post-stage questions were analyzed using
paired sample t-tests. The results are shown in Figure 3. The
questions marked with (**) denote that a significant difference
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Table 3. Preference questionnaire.

1D Questions

P1 | Which recommendation interface did you prefer?

P2 Which rgcommendation interface did you find more
informative?

P Which recommendation interface did you find more
useful?

P4 Which recommendation interfgce was better at
recommending perfumes you like?

P5 Whic':h recommendatiqn int.erface was better at
helping perceive the diversity of recommendations?

were observed among users’ responses. The detailed analysis is as
follows. Users found the recommended items from both interfaces
to be interesting (Q1) with a slight advantage for ORG (p = 0.07).
It means that the subjective accuracy of the two interfaces is not
significantly different.

With respect to users’ perceived diversity in both interfaces, we
asked two questions. One emphasizes the categorical difference
(Q2). The other simply considers the general differences between
cach item (Q3). Interestingly, we could see from the results that
the difference between the two interfaces was only significant
with respect to the question Q2. That is, the level of perceived
categorical diversity in the organization interface was
significantly higher than that of the list interface (mean = 4.1, SD
=(.788 for ORG, vs. mean = 3.35, SD = (0.988 for LIST, p <0.05,
t = 3.68). However, no significant difference was measured on
item-to-item diversity (p = 0.186). Users seemed to disagree that
items were similar to each other in both interfaces (reverse scale
of item-to-item diversity). Therefore, we conclude that the
organization-based interface helped users’ awareness of the
diversity present by variety differences.

Perceived ease of use and usefulness of the system were evaluated
in terms of three aspects: facilitation (Q4), effectiveness (Q5), and
supportiveness (Q6). While users found ORG is more easy to use
(Q4), the difference between ORG and LIST was slightly
significant (p = 0.09). On the other hand, users thought that the
recommended items were significantly more effective in helping
them find the ideal product (Q5) in ORG (mean = 3.75, SD =
0.851, vs. mean = 3.2, SD = 1.005 for LIST, p <0.05, t =2.773).
They also felt more supported in selecting the items to buy with
the help of ORG (Q6, mean = 4.05, SD = 0.686, vs. mean = 3.4,
SD = 1.095 for LIST, p <0.05, t=2.371).

In order to evaluate users’ attitude towards the tested interfaces,
three evaluation measures were considered: satisfaction (Q7),
conviction (Q8), and confidence (Q9). Users expressed
significantly higher satisfaction for ORG (Q7, mean = 3.9, SD =
0.912, vs. mean = 3.3, SD = 0.923 for LIST, p <0.05, p < 0.05, t
= 3.559). In addition, they seemed to be more confident that they
would like the recommended items in ORG (Q9, mean = 3.65, SD
=0.875, vs. mean = 3.2, SD = 0.894 for LIST, p <0.05, t =2.269).
Therefore, users had more positive attitudes towards the ORG
interface.

Significant differences were also revealed on the measures of
users’ behavioral intentions to use a system. More specifically,
users scored significantly higher for ORG on reusing the system
(Q10, mean = 4.2, SD = 0.834, vs. mean = 3.5, SD = 0.827 for
LIST, p < 0.001, t = 4.273), telling friends about it (Q11, mean =
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Figure 3. Usability and user satisfaction assessment results. A cut off value at 3.5 represents agreement on the S-point Likert scale.
** js marked for significant differences at the 5% level (p-value < 0.05).

3.8, SD =0.894, vs. mean = 2.8, SD = 0.894 for LIST, p <0.001, t
= 4.359) and purchasing the recommended items given the
opportunity (Q12, mean = 3.95, SD = 0.686, vs. mean = 3.4, SD =
0.940 for LIST, p <0.05, t = 2.463).

5.2 Final Preference

After evaluating two interfaces, users were asked to answer five
questions regarding their preferences for these two interfaces. The
results are shown in Figure 4. ORG got dominant preferences with
more than 50% votes on all of the five questions. Particularly,
65% of users preferred the organization interface versus only 20%
for the list interface, while 5% of them prefer both interfaces.
More users thought that the organization-based interface was
more informative (70% vs. only 10%), more useful (60% vs.
15%) and better at recommending items (50% vs. 10%). More
importantly, 70% (vs. 15%) of users thought that the organization-
based interface is better at helping them perceive the diversity of
recommendations in contrast to the list interface.

100%

10.00% 10.00%

15.00%
30.00%

10.00%

80%

60%

40%

20%

0%
better at better at helping
recommending perceive diversity

preferred interfface more informative more useful

NEITHER BOTH MORG INTERFACE  ®LIST INTERFACE

Figure 4. Preference Results.

5.3 Correlation Analysis

We did a correlation analysis between the perceived diversity
(both categorical diversity and item-to-item diversity) and other
subjective measures, aimed at understanding how perceived
diversity influences users’ acceptance of a recommender system.
The results are shown in Table 4. All correlations presented in
boldface and with the symbol (**) are statistical significant at the
0.05 level with two-tailed Pearson correlation coefficients.
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More specifically, Table 4 shows the correlations between
perceived categorical diversity and the other subjective
measurements (perceived ease of use, perceived usefulness,
attitudes and behaviors intentions to use). Perceived categorical
diversity is highly positively related to the perceived ease of use
(facilitation: r = 0.405, p < 0.05), and the perceived usefulness of
the system (effectiveness: r = 0.451, p < 0.01, supportiveness: r =
500, p < 0.01). In addition, perceived categorical diversity is
significantly positively correlated with satisfaction (r = 0.576, p <
0.001), conviction (r = 0.456, p < 0.01) and confidence (r = 0.493,
p < 0.01). The same correlation is found with respect to
behavioral intentions to use (intention to reuse: r = 0.519, p <
0.01, intention to tell friends: r = 0.428, p < 0.006, intention to
purchase: r=0.386, p < 0.05).

On the contrary, the item-to-item diversity has a weaker
correlation to the three subjective measure factors. It only has a
significantly correlation with facilitation (r = -0.322, p < 0.05) in
the aspect of perceived usefulness. In the aspect of attitudes to the
system, it is strongly related to conviction (r = -0.390, p < 0.05)
and confidence (r = -0.426, p < 0.01). Furthermore, the item-to-
item diversity is significantly correlated to intention to reuse (r = -
0.434, p <0.01).

5.4 Discussion and Design Guidelines

According to users’ responses to the subjective questionnaires, we
saw that wusers perceived more categorical diversity of
recommendations in the organization interface compared to in the
list interface. This suggests that the organization interface could
indeed help wusers become aware of the diversity in
recommendation lists, particularly the difference among
categories which is difficult to perceive in the list view interface;
there is a 22.4% increase. However, there is no significant
statistical difference between the organization-based interface and
the list-based interface with respect to the item-to-item diversity.
The organization-based interface does not appear to be
particularly advantageous in this case. After using two interfaces,
users were asked to answer five questions regarding their
preferences for these two interfaces. 70% (vs. 15%) of users
thought that the organization-based interface is better at helping
them perceive the diversity of recommendations in contrast to the
list interface.



Table 4. Correlation results on

categorical and item-to-item diversity (** denotes statistical significance at the 0.05 level, i.e., p-

value<0.05).
Correlation (Sig.)
Factors Categorical Diversity Item-to-item Diversity
(Q2) (Q3)

Ease of Use Facilitation (Q4) 0.405(0.01%%) -0.322(0.043*%)
Perceived Effectiveness (Q5) 0.451(0.003**) -0.247(0.124)
Usefulness Supportiveness (Q6) 0.500(0.001%%) -0.247(0.124)

Satisfaction (Q7) 0.576(0.000**) -0.263(0.101)
Attitudes Conviction (Q8) 0.456(0.003%*) -0.390(0.013%*)
Confidence (Q9) 0.493(0.001**) -0.426(0.006**)
Intention to reuse (Q10) 0.519(0.001%*%*) -0.434(0.005**)

Behavioral 177 ion to tell friends (Q11) 0.428(0.006** 0.097(0.553)
Intentions 428(0. ) - '

Intention to purchase (Q12) 0.386(0.014*%*) -0.226(0.161)

Previous studies have shown that the diversity of recommendation
lists influences users satisfaction [23]. However, it is still not well
understood why and how such an impact occurs. Our correlation
results reveal that categorical diversity in recommendation lists
influences users’ perceived ease of use of a system, perceived
usefulness of the system and attitudes towards the system, thereby
resulting in a positive effect on their intention to use the system.
While the item-to-item diversity has an impact on users’
acceptance to the system as well, the effect is not as strong as with
categorical diversity. On the other hand, our results empirically
demonstrate that perceived diversity is indeed one critical factor
influencing users’ adoption of a recommender system due to its
strong correlation with the factors (perceived ease of use,
perceived usefulness, attitudes, and behavioral intentions) which
are considered in users’ acceptance models, like TAM [6].

Furthermore, the correlation results show that perceived diversity
plays a role in providing supporting information, which leads to
increased user confidence in a system. In previous research about
diversity-enhancing techniques, diversity has only been
demonstrated to help users reduce interaction cycles and more
efficiently find the target item [12, 22]. Our empirical results
indicate that users obtained more supportive and convincing
information when they perceive diversity, and thereafter they felt
more confident about their decisions. In other words, diversity can
not only make recommendations covering a wide range of users’
interests, but can also provide supportive information to aid users
make decisions.

The current study confirmed the critical role of diversity in a
recommender’s success. It further shows promising results that
contribute to the field:

1) Even though a number of diversity-enhancing techniques have
been proposed in the literature, interface design issues relative to
diversity have been overlooked. Our study demonstrates that a
simple reorganization of the results into a category layout could
have a strong positive effect on users’ perceived qualities of the
system, especially their satisfaction and intention to use and
purchase. This suggests a novel research direction on the issue of
diversity-enhancing technology.

2) Our results show that perceived categorical diversity has an
even stronger influence on users’ positive perception and
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acceptance of a recommender system than item-to-item diversity.
This highlights the critical role of categorical diversity on user
experience of a recommender system. However, it doesn’t mean
the item-to-item diversity is trivial. According to users’ responses,
it is difficult for them to be aware of the item-to-item diversity in
recommendations.

To conclude the findings of our study, we propose the following
design guidelines.

Guideline 1: Take recommendation diversity into account when
designing recommender systems.

Guideline 2: Make users aware of the diversity (both categorical
diversity and item-to-item diversity) existed in recommendation
lists by explaining the similarities and differences among the
displayed items.

Guideline 3: Display recommendations in a category layout by
adopting organization interface designs to enhance users’
perception of the categorical diversity of the recommendations.

6. CONCLUSION AND FUTURE WORK

We conducted an in-depth user study to compare an organization-
based interface with the standard list-based interface.
Experimental results reveal that the ORG interface indeed
influence the users’ perception of the recommendation diversity.
Users in the ORG interface had more strong perception of
categorical diversity. Even though users found the recommended
items to be interesting in both interfaces, ORG users were more
satisfied with the recommender. While both interfaces were easy
to use, ORG users indicated that the interface was more helpful
for them in terms of locating the items they wanted to buy
(decision support). Most importantly, ORG users are more likely
to use the system again, tell their friends about it and buy the
recommended items. Strong correlation has been found between
perceived diversity and users’ satisfaction.

Our future work includes validating our findings in other product
domains, comprehensively investigating the influence of diversity
on the success of a recommender system, exploring other formats
of interface designs which can more effectively enhance users’
experience with a recommender system.
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ABSTRACT

Information retrieval systems are based on an estimation or
prediction of the relevance of documents for certain topics
associated to a query or, in the case of recommendation
systems, for a certain user profile.

Most systems use a graded relevance estimation (a.k.a.
relevance status value), that is, a real value r(d,t) [0,1]
for the relevance of document d with respect to topic T. In
retrieval systems based on the Probability Ranking Princi-
ple [9], this value has a probabilistic interpretation, that is,
r(d, t) is equivalent (in rank) to the probability that a user
will consider the document relevant. We contend in this pa-
per for an alternative interpretation, where the value r(d, T)
is considered as the fuzzy truth value of the statement “d is
relevant for t”. We develop and evaluate two measures that
determine the quality of a result set in terms of diversity
and novelty based on this fuzzy interpretation.

1. INTRODUCTION

Information Retrieval (IR) theory and systems revolve
around the core —and ill-defined— notion of relevance. IR
models, methods, evaluation and —if we may use the term-
philosophy are concerned with the estimation, prediction,
assessment, evaluation, formalization, and understanding of
relevance. In a simple and generic formulation of a retrieval
system (the one we shall use in this paper), we have a set
T of topics of interest, a data base D of documents, and a
function r over T <D, where r(d, T) represents the relevance
status of the document d for topic T. In the Boolean IR
model, relevance takes values in {0, 1} or, more in general,
in a set isomorphic to the boolean data type 2; r(d, t) = true
if document d is relevant for topic T, while r(d,t) = false
if document d is not. This crude characterization has often
proved insu cient: many algorithms and methods require
a finer notion of the relevance of documents than simply
declaring them relevant or not relevant. For this reason, IR
systems usually work with a graded relevance r(d,t) [0, 1].

How are we to interpret graded relevance? What is the
precise meaning of a statement such as r(d,t) = 0.8? This
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important semantic question is generally overlooked, mostly
because in standard systems the way we interpret relevance
does not make all that di erence. IR systems return docu-
ments sorted by their relevance status value, and under any
reasonable interpretation of r, it is always the case that a
document with r(d, t) = 0.8 is more “desirable” than a doc-
ument with r(d, t) = 0.2, and should be returned in a higher
position. This being the case, who cares what r(d, 1) = 0.8
really means? The issue, however, is quite important in more
recent systems that deal with diversity and novelty [10, 1,
3]. In these cases, relevance status values are used in objec-
tive functions for retrieval result diversification, and ground
truth relevance values are used as arguments in diversity-
oriented IR quality metrics. Here, it is not just a matter
of which documents are more relevant than others, but of
which are the appropriate tools to manipulate relevance val-
ues. These tools depend on the way such relevance values
are interpreted.

One common interpretation of relevance is probabilistic [9,
11, 1, 12]. In this interpretation, the value r(d, T) represents
—or is rank-equivalent to— the probability that a user will
consider d relevant for topic T. This identification has im-
portant consequences, as it entails that the appropriate ma-
chinery for manipulating relevance is Bayesian (e.g. multi-
plication for independent events, the Bayes theorem for con-
ditional probabilities, etc.). As an alternative to the prob-
abilistic interpretation, we explore a fuzzy (graded truth)
interpretation of relevance, lifting the binary relevance as-
sumption. Our motivation rests on the di erence between
uncertainty (caused by incomplete information) and fuzzy-
ness (which is a characteristic of linguistic descriptions such
as relevant).

The endorsement of fuzzyness over uncertainty entails a
di erent choice of manipulation instruments. We shall use a
version of fuzzy logic to express formally the statement that
a set of result R is novel (has no redundancies) and diverse
(covers all the topics of interest). The fuzzy interpretation
of the relevance will transform these statements too into
fuzzy formulas, so that for each set of results R we shall be
able to give the degree of truth of he statement R is novel
and diverse and, consequently, to pick the set for which the
statement is most true.

2. THE SEMANTIC OF RELEVANCE

As we have mentioned in the introduction, relevance is
ofen given in the form of a real number, generally as r(d, T)
[0, 1]. The obvious question to ask (one, as we shall see, that
bears quite strongly on the form that the systems should



take) is: what is the interpretation that we should give to
this value?

The most common interpretation of this vaue that is given
in information retrieval is probabilistic, that is: the value
r(d,t) represents the probability that a user will consider
document d relevant for topic T. The probabilistic frame-
work entails that we are dealing with a situation in classi-
cal logic subject to uncertainty due to limited information.
That is, the underlying model is still that of documents that
either completely relevant or completely irrelevant (that is,
reelvance can be described within the framework of Boolean
propositional logic), but we do not have enough information
to make a determination [5].

We explore here an alternative logical framework for the
question of relevance to be posed. In reality, the documents
are given and known completely, so (within the limits of the
modeling technques used) instead of modeling the uncer-
tainty in the determination of relevance, one may consider
the relevance of a document for a certain topic as a fuzzy
truth value. This corresponds to the most natural longuis-
tic description that one might give of a document. One
doesn’t just describe a document as relevant or not relevant:
one would rather say that a document is not very relevant,
somewhat relevant, very relevant, and so on. These linguis-
tic qualifiers are appropriately modeled with graded truth
values rather than with formalisms that deal with uncer-
tainty.

A good example of the di erence between the two is given
in [2]. Imagine a bottle of water locked in a pantry, so that
we can’t see it. We know that the bottle is either full or
empty, but we have no information about which is which.
We can model this situation of uncertainty by saying that
with probability 0.5 the bottle is full. Even if we don’t know
which is which, the bottle is still either completely full or
completely empty. The situation is the opposite if we can
see the bottle and the bottle is half full. In this case, we have
complete information: there is no uncertainty involved, and
all observers will agree that the bottle is half full. We say in
this case that the statement “the bottle is full” has a truth
value of 0.5; we have fuzzyness, but no uncertainty.

Relevance assessment can be dealt with analogously: the
values r(d, T) do not model uncertainty (since, as we have
said, we have complete information about the documents),
but the fuzzyness of the statement document d is relevant
for topic T. They are not probabilities, but degrees of truth.
The assumption of graded truth entails that the right for-
malism to use is that of fuzzy logic, to which we shall give
a brief introduction in the next section.

3. FUZZY LOGIC AND BL-ALGEBRA

There are several approaches to develop a fuzzy logic. One
can start with the basic connective and an involutive nega-
tion [4], or define the operations based on a suitable t-norm.
The latter approach, which we shall follow here, is based
mainly on [7, 6].

DEeFINITION 3.1. A (continuous) t-norm is a continuous
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function :[0,1]% - [0, 1] such that, for all x,y,x [0,1]
)} Xy =y X (commutativity)
i) xvy) z = x (y 2) (associativity)
iii) X<y X z<y z (left monotony)
iv) X<y z x<z y (right monotony)
V) 1 x = Xx
vi) 0 x =0

(€]

(Note that property iv is redundant, as it is a consequence
of commutativity and left monotony.)

DerFINITION 3.2. A BL-algebra is an algebra

L =(o,1],n, , , ,0,1) 2)
where
i) ([0,1],n, ,0,1) isa lattice with least element 0 and largest
element 1;
ii) (L, ,1) is a commutative semigroup, where is a t-
norm;
iii) for all x,y, z:
a)z=X y)i x z=y;
b) xny=x (x )
) x y=(x y) nlly x x;
dx vy) y x=1L
Property a and the continuity of imply that is the
residual of [7]:
x y=sup{z|lz x=y} ©)

that is, that L is a residuated lattice. Property b and con-
tinuity imply that x ny = min{x, y}, while property ¢ and
continuity imply that x y = max{x,y}.

The syntax of the fuzzy logic is based on two operators:
the strong conjunction  and the implication -, as well as
the constant 0. Formulas are composed of propositional vari-
ables, the constant, and these operators. Well formed for-
mulas are defined recursively: propositional variabless and 0
are well formed formulas; if @ and  are well formed formulas
then

¢ v o-u (9 (C)

are as well. Nothing else is a well formed formula. Let W
be the set of well formed formulas. An evaluation function
assigns a value e(x) to each propositional variable x and
extends to a function e : W - [0, 1] through the definition

e(0) =0

e(x y)=e(x) e(y) ®
e(x - y)=e(xX) e(y)
Further connectives are defined as:

o Y is 0 (0-1) (conjunction)
v is (¢-W) -0 ((¥- @) - @) (disjunction)
=@ is -0 (negation)

o=y is (@-9) W -9
©



A formula ¢ is a tautology if e(¢) = 1 for each evaluation
function e. Based on this syntax and the algebraic seman-
tics, di erent logic systems can be obtained by selecting dif-
ferent axioms. Here we shall use the standard axioms of [7].
The deduction rule is modus ponens. One consequence of
the use of certain t-norms, which constitutes a problem in
our case, is that the negation might degenerate into a two-
values function, that is, with the residual of many t-norms
we have

1 ifx=0
0 otherwise

x 0= O]
to avoid this, we requires that the Lukasiewicz axiom be
true, namely that ——@ = @. This constraints us to make
use of the Lukasiewicz norm

X y=max{0,x+y—1} 8)
a choice that gives us
1 ifx<y
X y= -
1+y—x otherwise (©)]
X=1-—X

Finally, we efine the true constant 1 =-0=10 - 0.

THeEOREM 3.1. The following are tautologies in the BL-
algebra

(10

[l

Qo -
3.1 Quantifiers

In this paper, we shall define the semantics of forumlas
only on finite models. In this context, a quantifier can be
seen as a mapping from the power set of the set of truth
values to truth values. For example, the (classical) quantifier

, used in an expression like x.p, where the model of x is
the finite set X = {X1,...,Xn} can be seen as a mapping

12X - 2such that : {p1,...,pn} — true only if all
the pn are true [13]. While in classical logic there are two
quantifiers ( , ), in fuzzy logic there is an infinite family of
quantifiers, which are used to model linguistic expressions
such as many, few, about ten, etc. Here we shall conly need
quantifiers from the simplest of such family, the so-called
type 1 quantifiers [8].

We shall define and analyze two families of quantifiers,
which we shall call the strong and the weak family. In the
weak family we give independent definitions of the universal
and the existential quantifiers, that is, we will not use the
classical logic equivalence Xx.p = - X.=p. This will give us
some more freedom to choose the t-norm on which we will
base our system, since we will not have to worry too much
if the negation degenerates into a binary-valued operation.

Given a finite model X = {x1,...,Xn} and a unary logic
function p, the expression X.p is true to the extent that p
is true for all the values x  X. This entails the definition:

AN
X.p is p(xi)

i=1

(11)
and

\ .
e( xp)=  e(p(xi)) = mine(p(xi)) (12)

i=1

53

The existential quantifier we interpret indipendently as the
quantifier that is true to the extent that at least one of the
propositions p(x;) is true, that is
n
x.pis ~ p(xi)

i=1

(13)

and

L
e( xp) = e(p(xi)) = maxe(p(xi)) (14)
i=1
In the case of Lukasiewicz logic, in which =—=¢@ = @, the
weak quantifiers still have the property that x.p = - X.=p,
however this is not true in general.
The second possibility is to define a strong (universal)

quantifier using the strong conjunction. In this case we have

x.pis o p(xi) (15)

and

e( x.p) =e(p(x1)) e(p(x2)) e(p(xn)) (16)

In this case we can’t define the existantial quantifier as we
have done for the weak case, since we don’t have a corre-
sponding strong disjunction. Rather, we will resort to the
standard idea from classical logic: there is an X; such that
p(Xi) is true to the extent that “not for all x; is p(x;) false”,
that is:
AN

—p(xi) = (

i=1

RN

(p(xi) - 0)) - 0

i=1
1
The fuzzy logic that we have introduced is sound with
respect to the BL-algebra (every theorem of fuzzy logic is
a tautology in the BL-algebra) and the Lukaziewicz logic is
complete with respect to the class of MV-algebras, that is, of
the algebras such that, for all x, ((x 0) 0) =x. So, we
have two ways to prove that a formula is true. We can either
derive it from the axioms of fuzzy logic using modus ponens,
or we can prove that it is a tautology in the BL-algebra (or
in the MV-algebra, in the case of Lukasiewicz logic) based
only on the general properties of the evaluation function, and
independently of the evaluation of the predicate variables
that appear in the formula. The first way is formally more
correct, but much more labor-intensive. Since in this paper
we shall not need too many properties, we shall in general
resort to the second method.

XP=E- X—p is =

THEOREM 3.2. For hoth the weak and the strong quanti-
fiers it is

X. y.p=y. xp (18)

(The proof is a simple application of the definition and
associativity.)

The strong conjunction and the strong quantifier have a
problem, which is particularly pernicious for our application.
In most of the logic systems, the formula

¢- (0 9 (19)
is not a theorem of Fuzzy logict. The reason is that, for any

1An exception is Godel logic, in which this is taken as an
axiom. Godel logic, however, entails that

e(@ W) =min{e(),e(V)}

that is, the t-norm is “min”.



t-norm that is not min, we have X X < X so

e(@ - (¢ 9)=¢e(@) (e(9) e(9)
and, setting x =e(@) and y = e(@) e(p) < X, we have
e(@ - (¢ 9)=sup{z|x z<y}<l1 (21)

The fact that e(¢ @) < e(p) means that, if we take a series
of predicates p(x;) such that e(p(xi)) = x, the value

A—{

7
e( Xp)=x X -+ X

(20)

(22)

will become, for n large enough, equal to zero: the quantifi-
cation of a large enough number of predicates that are not
entirely true will yeld false. For example, consider the case
of the Lukasiewicz norm. Here x x = max{0,2x — 1)} and

i_xﬂ_i = max{0, (n + 1)x — n}

(23)
so that for n > % the quantifier will be false. As we shall
see in the following, if we look for a set R with n results, we
shall have to do several universal quantifications on universes
with n members and, unless n is very small or the relevance
of the documents is very close to 1, we shall get a score of 0

for all sets.

4. DIVERSITY AND NOVELTY

We now have the tools to express the diversity and novelty
of a set of result under the fuzzy interpretation of relevance.
For the sake of clarity, we shall derive two separate pred-
icates, one for diversity and one for novelty that we shall
then join in a conjunction to derive the statement set R is
novel (non-redundant) and diverse. Here we assume that in
all quantifications, the variables d and d will range over R,
while the variable T will range over the set T of topics. That
is, we shall use the following short forms:

dp= d(d R - p)
dp= d(d R p)
Tp= T.(t T - p) @4
p=s .t T p)

A result set R is diverse if for every topic there is a docu-
ment in the set that is relevant for it. That is, the statement
D(R) can be expressed simply as

D(R)= 1. dr(d, 1) (25)

A document is novel (or non-redundant) if there is at least
one topic for which only that document is relevant, and a
set is novel if all its documents are novel. That is:

NMR)= d. T.(rd,T) d.(r@d,T) ~d=d)) (26)

We shall call this the weak novelty. There is another pos-
sibility of defining novelty, which we shall call strong. We
can require that there be no overlapping between the topics
covered by the documents, that is, whenever a document d
is relevant for a topic, no other document is relevant for that
topic. That is:

NR)= d t.(r(d1) - d.(r@d,1) ~d=d)) (27)

We leave as an exercise to the reader to prove, using the
definition of the quantifiers, the axioms and modus ponens,
that, for an arbitrary R,

N (R) - N(R) (28)
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A set R is qualified if it is diverse and novel. Since we
have two versions of novelty, we have correspondingly two
definitions of qualification. The strong qualification is de-
fined as
6(R)=92(R) MN(R)

t. d.(r(d, 1)) d. T.(r(d, 1) -

. dr(dt) d(r(dT1) -

d.(r@d,t) -~ d=d))
d.(r@d,t) ~ d=d))
(29)

while the weak qualification is defined as

6(R)=2(R) N(R)

= 1. d(rd,1) d (1) d.0r(d,T) -~ d=d))

(30)

Before we write down the evaluation functions for these for-
mulas, we consider the translation of the logical function (of
d and 1)

rd,t) - d.(rd,t) -~ d=d) (31)

The statement d = d is crisp, so it evaluates to 0 or to 1. If
d =d, then

e(r(d, 1) ~d=d)=e(r(d,t) - 0) =e(=r(d,1)) (32)
while if d =d
e(r(d,r)_>d=d)=e(r(d,r)_>1):1 (33)

The quantification, whichever form it takes, is a conjuntion
(either strong or weak), and 1 is its unit, so, in the case of
the quantification we have

PN
d.(rd,1) -d=d) = =r(d,T) (34)
d’=d
and, in the case of strong quantification we have
d.(rd, 1) sd=d)= g=¢-r(d,T). (35)

As we have seen, in addition to the di erence in the for-
mula, we have di erent ways of implementing the quanti-
fiers. Using the strong quantifiers on the strong formula
leads to the °S (strong-strong) evaluation function

h
S(R)= t=1 7 amor(dT) _
i
a=a—r(dT))

while if we use the weak quantifiers, we get the SW evalua-
tion function

iz (r(d, 7) - (36)

3
PN D PoN 7\
"sS(R)= 47 r(d,1) (rd,7) - -r(d,1))°
T=1 d=1 i=1 d’=d
(37)
Similarly, the two versions of the weak formula are
WR) = (- @ -r(d D) ,
g=1 7 1=1(r(d,T)  w=g-r(d,T)) (38)
and
2 3
/AN D oD T 7\
"W(R) = T r(d, 1) — Ar(d, 1) -r(d,T)5
T=1d=1 d=1t=1 d’=d
(39)



The observations of the previous section, in particular eq.
(23) advise against the use of the strong quantifiers in large
scale problems, so in the following we shall in general limit
our considerations to the evaluation functions (37) and (39).

With these functions, we can formulate our two versions
of the diversity and novelty optimization problem.

STRONG Fuzzy DIvVERSITY(N): Given a data base
of documents D, a set of T categories T, and the
relevance measures r(d, t) withd Dandt T,
find the subset R D with |R| = n such that
WS(R) is maximum.

The problem WEAk Fuzzy DiversiTy(n) is analogous
but, in this case, the function that is maximized is "W(R).

5. COMPLEXITY

Information retrieval with novelty and diversity often gen-
erates intractable problems [10] and our formulation is not,
unfortunately, an exception, as we following theorems show.
In order to show NP-completeness we have to transform
the optimization problems into equivalent decision problems.
The decision problem corresponding to STRONG Fuzzy DiI-
VERSITY(N) is the following:

STrONG Fuzzy DEecision(n): Given a data base
of documents D, a set of T categories T, the
relevance measures r(d,t) (withd D and T

T), and a number p [0, 1] does there exist a
subset R D with |R| = n such that YS(R) =

p?

The problem WEAk Fuzzy Decision(n) is defined anal-
ogously.

THEOREM 5.1. WEAK Fuzzy DEcisioN(n) is NP-complete.

Proor. We shall prove the theorem with a reduction
from X3C (Exact cover by 3-sets). The statement of the
problem is as follows: given a set X with |X| = 3q and a
collection C of 3-element subsets of X, does C contain a
subset C  C such that every element of X occurs exactly
in an element of C ?

Note that, although the number of sets in C is not ex-
plicitly stated in the theorem, the constraints of the problem
entail that C contains q sets.

We reduce the problem to Weak Fuzzy DEcIsION as fol-
lows. The set T of categories will have one category for
each element of X. There will be a document for each sub-
set ¢ C, and we shall set r(d,t) = 1 if ¢ contains the
element of X represented by T, and 0 otherwise.

We claim that WEAK Fuzzy DEcisioN(q) has a solution
with p =1 if and only if X3C has a solution.

Rmember that we can write
"W(R) =9(R) N(R) (40)

where the logic quantifiers in © and 91 are interpreted in the
weak sense. Consider the term ©. We have

P(R) = LmP r(pa[%(d(d, T) (41)

D(R) = 1 if and only if all the “max” that appear in the
equation have a value of 1, that is, if and only if for each
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category (viz. element of X) there is a document (viz. sub-
set in R) that contains it. In other words, D(R) =1 i

X c
c C/

(42)

Note however, that X is the universe of discourse, and that
no subset ¢ can contain any element not in X. So ®(R) =1
i

(43)

Suppose now that there is a solution to X3C. In this case,
(43) holds, so ®(R) = 1. What about 9t(R)? Suppose, by
contradiction, that 91(R) < 1. Then there has to be at least
one pair (d, ) such that

e(r(d, 1)

PAN
-r(d,1)) <1
d’=d

(44

(The actual condition is stronger: there must be one such
d for every 1, but the weaker condition will do here.) So,
there has to be d such that e(r(d,t) -r(d,T)) <1, that
is, e(r(d,t) r(d,T)) > 0. Since the values of relevance are
always 0 or 1, this means e(r(d,t) r(d,1)) = 1, so the
element of X represented by 1 belongs to both d and d , i.e.
the set represented by d and d are not disjoint, contradicting
the fact that a solution was found.

Suppose now that there §§ a R such that "W(R) = 1.
In this case, by (43), X = ¢, that is, the douments in R
cover all categories. Since there are q documents, 3q cate-
gories, and each document covers only 3 categories, if there
were a category represented by more than a document there
would also be a category not represented by any dcument.
Since this is not the case, there are no overlaps between the
documents, that is, the sets of C are disjoint.

Note that in this case we didn’t need the condition 9t: the
constraints on the problem guarantee that even without this
condition we would have solved X3C. [

THEOREM 5.2. STRONG Fuzzy DEcision(n) is NP-complete.

The proof is based on the same reduction as that of the
previous theorem.

6. THE BEHAVIOR OF THE FUNCTIONS

In this section we shall carry out a preliminary study of
the two fuzzy evaluation functions that we are considering:
S and "W. Before this, we should make a few method-
ological considerations. There are, roughly speaking, three
categories of methods that we can use to study these func-
tions. We can study them analytically, expressing them in
closed form; we can generate data using a known statistical
distribution and determine the functions’ behavior vis a vis
certain controlled variables; or we can resort to user data
collected from an existing system.

It should be evident that the latter solution, despite its
widespread use, is inadequate in this case, since it doesn’t
allow a fine control over the independent variables and the
controlled parameters of the evaluation. Tests on “real” are
good for obtaining a qualitative impression of how a whole
system works, but would make little sense in our predica-
ment.
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Figure 1: Redundant sets have r = 2, lacking sets have r = —2; all the results have ¢ =24 and r = 6.

Closed form solutions are clearly the best way to study a
function, but they may be di cult to obtain under very gen-
eral hypotheses. Here, we study analytically the behavior of
our evaluation functions under a simple but telling special
case: that of two topics. As we shall see later on, this set-
ting is fairly representative of more general situations. For
a more general setting, we recur to numerical calculations
with controlled data sets. In this case, we not only calcu-
late our two evaluation functions 'S and "W, but compare
them with two examples of the state of the art appeared
in the literature: the probabilistic measure presented in [1]
(and indicated in the following as A), and the undirected
compensatory measure of [12] (indicated with M).

6.1 Closed-form model

We consider a system with two categories, and result sets
of two documents. We shall consider three sets, R1, R2, and
R3. The documents of each set are represented as vectors,
where the value a > % represents relevance while the value

B < 1 represents irrelevance for a particular topic. The
three sets of two documents are as follows:
(d [, B]
=[a
Ri: '
YT da=1[B,q]
(d [, 0]
=[a,a
Rz: ’ 45
> d=[B.c “9)
(d [, B]
=[a
Rs: '
> do=[B.B]

R; is the “perfect” set: document d; is relevant for cate-
gory T1, and document d; is relevant for 1,. The two doc-
uments cover the category range completely and without
redundancy. In Rz the second document is redundant, as
d; already covers all categories, while in Rz no document
covers category T». We shall say that R is redundant (viz.
has positive redundancy) and that Rz is lacking (viz. has
negative redundancy).

Consider first the function "'S(R) which is, for each of the
three result sets, a function of a and 3 defined in the square
a [$1,8 [0.3]

In order to determine the behavior of the function, we
shall need to divide the square in three regions as illustrated
below together with the values of the function in the three
regions.
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1
! 3 | 1] 11
1l Ri | a a 2—(a+pB)
Bl 1 |1z R [a]|2(1—0a) 2(1—0a)
Rs | B B B
Oz 3 q 1

It must be noted that, for o < Z, this function doesn’t dis-
criminate between the “perfect” set and the redundant one.
The interpretation of this phenomenon hinges on the defini-
tion of redundance. For low values of a, it not so obvious
that having two documents about the same topic constitutes
a true redundancy, since the relevance of a document is low
enough that a second document does indeed add relevance.
To have a better idea of this phenomenon, consider two dif-
ferent parametrizations of a and 3. First, we consider a path
in which a and B start from a situation of complete confu-
sion and diverge to a situation of crisp (binary) relevance.
In particular, we shall consider the parametrization

a= L +
withy [0, %]. Then we shall consider the same parametriza-
tion of a, but keeping B = %. The value of the function 'S
for the three result sets, as a function of y with the two
parametrizations is the following

_1_
B=5-V (46)

R1
: R1
| |
| |
| |
Rs 2 1 !
I 4 I I
| | |
o 3., i o0 iv I
Y 1 2 7
3 50 g 1

The behavior of the second curve for high values of y (and
therefore of a) is due to the presence of region Ill. In this
case, each one of the two documents of the “perfect” set has
a certain relevance not only for the category for which it is
nominally relevant, but for the other as well (B = 7). When
a is high, the fact that, say, di is extremely relevant for 1,
while d» is also somewhat relevant for the same category
creates some redundancy. It is therefore not surprising that
in this region the value of the evaluation function begins
to decrease, behaving exactly as it does in the case of the
redundant set R;.



In the case of the "W evaluation function, we only have
to distinguish two regions, represented here with the corre-
sponding function expressions.

1 | I
II R1 o 1—B
5 R, [T—a|[1I—-a
I R3 B B
0
! 1

a

Considering again the parametrization y and the two previ-
ous examples (0 =3 +y,B=1-yanda=1+y B=1,
respectively, we obtain the following behaviors (behaviors
that, in this case, reserve no surprises).

T
Ry R

|

Rz = R3 Rz:

Rs3 :
0 1 0 VY 3 1
Y 1 a 3 1

2 1

6.2 Numerical tests

In order to extend the range of configurations in which we
evaluate the functions, and in order to compare them with
other functions appeared in the literature, we resorted to nu-
merical evaluation in statistically controlled conditions. We
consider a situation with c topics, in which we seek a result
set of s documents. These values are always chosen in such
a way that p = c¢/s is a natural number (this assumption
doesn’t restrict the scenario appreciably, and simplifies data
generation). The “perfect” result set contains s documents,
each one of which is relevant to p topics, without overlaps.
This entails that this set is optimally diverse and novel. Im-
perfect sets are created using a redundancy parameter r,
and having each one of the documents in the result set be
relevant for p + r topics. If r < 0 the set will be lacking
(some topics will not be covered), while if r > 0 the set will
be redundant. Note that it must be 1—p <r < c—p.
Relevance and irrelevance scores are modeled as two equally
distributed random variables obtained starting with a nor-
mal distribution and clipping them to [0, 1]. That is, if

xr =N(a,0) xF=N(B,0) 47

with a = 1/2 and B < 1/2, then the scores for relevance and
non-relevance are

xr = if(x, <0,0,if(x, >1,1,%,))
X = if(x¢ < 0,0, if(x¢ > 1,1, X§))

The distribution of the normal, for reasonable values of o
and B, if 0 < 0.2; for 0 > 0.2 the distortion due to clip-
ping becomes preponderant and the results become hard to
interpret. We chose to do all the measures with o = 0.1.

The first diagram is a replica, in the new situation, of
the analytical results, using the parametrization (46). The
behavior, for the four functions under test, is shown in figure
5.

For y = 0 all documents are statistically the same, so none
of the methods distinguish between them. As y increases,

(48)

57
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Figure 2: Discrimination results for the four mea-
sures under test. Redundant sets have r = 2 (graph
on the left), lacking sets have r = —2 (graph on the
right). All the results have c =24 and r = 6.

and the average di erence between relevant and irrelevant
documents becomes significant, all four methods separate
the perfect set from the redundant and lacking ones (the t-
test shows that with y = 0.05 the separation is already sig-
nificant for all methods; this result applies to all other mea-
surements so, from now on, in order to simplify the graphs,
we will omit the indication of the variance). Qualitatively,
we can observe that the two fuzzy measures appear to give
a sharper separation between the perfect set and the other,
as reflected by the separation of the curves.

In order to verify this e ect, we have performed a series
of discrimination measures. The idea is that, in order to
separate the good results from the bad, we are often more
interested in the relative di erence between the scores than
in the absolute values. For this reason, if u is the score given
to a perfect set, and v is the score of a redundant or lacking
set, we define the discrimination coe cient between the two
as

u—v
g=u—vl
u

(49)

This coe cient is independent of the scale of the measure,
and it gives us the degree of separation between the perfect
and redundant results as a fracction of the perfect score. The
two graphs in figure 6.2 show the discrimination coe cients
for the four measures under test?.

Here too we observe that the discrimination coe cient
grows in a much sharper way in the case of the fuzzy mea-
sures than it does in the case of the other two.

As a final measure, we analyze the discrimination as a
funcion of the redundancy (figure 6.2). We fix the averages
of the relevance values to a = 0.75 and 3 = 0.75 We still
have ¢ = 24 and r = 6, which leads to p = 4, so that the
redundancy musy be in the range —3 < r < 20. In order to
make the graph clearer, we plot 1—d in lieu of d, so that the
plot attains its maximum of 1 for r = 0, and decreases as r
assumes positive or negative values. The graph confirms the
main di erence that we had already observed between the
logic measure an the others that we are analyzing: in the
case of the logic measures, the relative di erence in score
between the “perfect” score and the others is much more

2Note that the organization here is di erent from that of
fig. 5: here each graph is relative to a single redundancy, and
contains curves for all four measures. This solution would
have been too confused for figure 5 due to the presence of
the variance.
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Figure 3: Discrimination (1 —d) results for versus redundancy for the four measures under test. All the
results have ¢ = 24 and r = 6, which leads to p = 4 and a range for the redundancy of [—3,20]. Here we set

o =0.75, B = 0.25.

pronounced; even relatively minor defects in the result will
result in a considerable drop in the score.

7. CONCLUSIONS

We have presented a model of novelty and diversity consis-
tent with the idea that relevance measures can be interpreted
as fuzzy truth values, overcoming the binary relevance sim-
plification. We have derived two di erent evaluation func-
tions, depending on the specific form of the quantifier used,
and we have compared them with two examples of the state
of the art.

With respect to other functions, the main characteristics
of the logic ones is the sharp decrease in the relative score
di erence between “perfect” sets and sets with even limited
redundancy or lack. Whether this sharpness is an asset or
a liability depends, of course, on the specifics of the system
that one is designing. At the very least, however, the avail-
ability of the logic model provides additional tools to the
designer of information retrieval and recommender systems.

A possible way to reduce this discrimination, that we shall
study in the future, is to make use of other quantifiers. For
example, instead of expressing logically the statement for
each document d there is a category T that only d has, we
could use a di erent type of fuzzy quantifier to express the
statement for most documents d there is a category T that
only d has.
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