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Abstract

Purpose: Aiming to improve the overall diversity of recommendation systems,
this study addresses the problem of errors caused by imbalanced and sparse
user rating data distribution that affect recommendation accuracy and diver-
sity. Methods: Based on the number of co-rated items between users, a relative
similarity index is derived through weighted calculation to modify the similar-
ity computation method, and consequently optimize the rating prediction algo-
rithm. This approach improves overall diversity while ensuring recommendation
accuracy, thereby enhancing the long-tail marketing effectiveness for enterprises.
Results: Experimental results demonstrate that when the rating threshold is 3.5
and the number of nearest neighbors is 20, the proposed method on the Movie-
Lens dataset improved overall diversity by 114 and accuracy by 6.5% compared
with the results using traditional cosine similarity computation. Limitations:
The method is only applicable to nearest neighbor-based collaborative filtering
algorithms and does not involve other recommendation techniques. Conclu-
sion: The method effectively improves the overall diversity of recommendations,
yielding recommendation results with relatively high user satisfaction in both
recommendation accuracy and overall diversity.
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Abstract

[Objective] This study aims to improve the overall diversity of recommendation
results. The proposed algorithm reduces errors caused by the uneven distribu-
tion and sparsity of user rating data, thereby enhancing both recommendation
accuracy and diversity. [Methods] We first generated a relative similarity in-
dex based on the number of common ratings through weighted calculation. Sec-
ond, we modified the similarity computation method and optimized the rating
prediction algorithm. The proposed model improves aggregate diversity while
maintaining recommendation accuracy, thereby enhancing the effectiveness of
long-tail marketing for enterprises. [Results] Experimental results demonstrate
that when the rating threshold is 3.5 and the number of nearest neighbors is
20, the proposed method on the MovieLens dataset increases aggregate diver-
sity by 114 and improves accuracy by 6.5% compared to results obtained using
traditional cosine similarity calculations. [Limitations] This method is only
applicable to collaborative filtering algorithms based on nearest neighbors and
does not encompass other recommendation techniques. [Conclusions] The pro-
posed method effectively improves the aggregate diversity of recommendations
while achieving high user satisfaction with both recommendation accuracy and
overall diversity.
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1. Introduction

For every user, identifying useful information from massive datasets is extremely
difficult yet crucial. Personalized recommendation systems represent an impor-
tant solution to this problem, helping users select the most appropriate infor-
mation from vast data collections. Recommendation systems identify user pref-
erences to recommend the most suitable or interesting items to specific users.
Recommendation algorithms primarily include content-based filtering, collabo-
rative filtering, and hybrid approaches. These systems are widely applied in
movies, music, books, tourism, e-commerce, social networks, and web search.
While accuracy is a critical metric for evaluating recommendation systems—it
assesses whether recommended items are truly suitable for users—such recom-
mendations often contain information users have already obtained through other
channels, making them unnecessary in many cases. Consequently, diversity, an-
other important metric for evaluating recommendation systems, has attracted
increasing attention from researchers and users. Diversity reflects the differences
in the types of recommended items, with some scholars arguing that diversity
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can, in certain contexts, provide better user satisfaction than accuracy.

Recommendation accuracy and diversity are fundamentally different aspects. A
good recommendation system should balance both criteria, yet they are mutu-
ally constraining. Significantly improving recommendation diversity inevitably
impacts accuracy, resulting in less relevant recommendations. Conversely, high
accuracy reduces diversity, causing recommendations to become overly similar
and monotonous. Numerous studies have focused on improving recommenda-
tion diversity, but most have concentrated on enhancing individual diversity
—the diversity within a specific user’ s recommendation list—rather than ag-
gregate diversity, which refers to the number of different items recommended
to different users. Effectively improving aggregate diversity not only satisfies
users’ personalized experience requirements but also enhances long-tail market-
ing effectiveness, helping enterprises maximize profits. Aggregate diversity is
not directly related to individual diversity.

Collaborative filtering recommendation systems make recommendations based
on user rating data, which often suffers from uneven distribution and sparsity
issues that cause recommendation errors. These errors significantly impact both
recommendation accuracy and diversity. While much research has focused on
improving accuracy, few have addressed diversity, particularly aggregate diver-
sity. This paper focuses on aggregate diversity, striving to improve the system’
s overall recommendation diversity while ensuring recommendation accuracy.

Current research defines diversity in two categories: individual diversity and ag-
gregate diversity. Individual diversity is a metric from a single user’s perspective,
aiming to recommend items with low mutual similarity yet high personal rel-
evance to a particular user. Diversity-focused recommendation has become a
very popular research area, with researchers proposing various methods to im-
prove recommendation diversity, though most sacrifice some accuracy and focus
primarily on individual diversity.

Aggregate diversity reflects a recommendation system’ s ability to recommend
different types of items to different users. Unlike individual diversity, aggregate
diversity evaluation requires consideration of all users. Although aggregate di-
versity is not directly related to individual diversity, it represents a broader con-
cept. Some research has targeted aggregate diversity: Lacerda et al. proposed
a user interest modeling approach that designs recommendation systems from
perspectives of accuracy, novelty, and diversity, improving aggregate diversity
by recommending long-tail items with fewer ratings. Park proposed a clustering
method based on known rating values or rating frequencies to increase predicted
ratings for long-tail items, thereby improving aggregate diversity. Adomavicius
et al. proposed an improved item ranking technique to enhance system aggre-
gate diversity, with ranking methods such as item popularity ranking, inverse
predicted rating, and neighborhood rating variance providing system designers
with greater flexibility and compatibility with different rating prediction algo-
rithms to achieve better aggregate diversity. Fleder et al. studied the impact of
recommendation systems on sales diversity, finding that even well-known recom-
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mendation systems could reduce sales diversity because they recommend prod-
ucts based on sales and ratings. Bobadilla et al. proposed optimization-based
methods to improve aggregate diversity, including greedy algorithms, maximum
flow-based methods, and integer programming approaches. The greedy algo-
rithm is an iterative process that replaces already-recommended items with
items above a threshold. The maximum flow-based method is a graph algo-
rithm that improves recommendation diversity by formulating a maximum flow
problem between users and items. The integer programming method solves
multi-criteria optimization problems using accuracy and diversity. While these
methods improve aggregate diversity, they significantly impact accuracy. Wang
Sen proposed a recommendation method to improve system aggregate diversity
and long-tail item recommendation rates by comprehensively considering multi-
ple criteria including predicted item value, item popularity, and item preference.
This paper proposes a method to improve recommendation aggregate diversity
while ensuring accuracy under conditions of uneven and sparse user rating data.

3. Collaborative Filtering Recommendation Based on Rel-
ative Similarity

This study employs a user-based collaborative filtering recommendation algo-
rithm. Similarity calculation is a critical step in collaborative filtering, with
results decisively affecting the generation of K nearest neighbors and subse-
quently influencing rating prediction. Commonly used similarity calculation
methods include cosine similarity, Pearson correlation coefficient, and Jaccard
similarity. This paper uses cosine similarity to calculate similarity between user
u and other users, and the optimization of similarity specifically targets cosine
similarity.

3.1 Cosine Similarity and Rating Prediction

Most collaborative filtering recommendation systems adopt cosine similarity,
which has proven highly successful in many studies. Assume U is the user set
of the recommendation system, I is the item set to be recommended, R(u, i)
is the actual rating of user u for item 7, and R(u, i)* is the predicted rating of
user u for item 4, as shown in equation (1) [?]:

Sim(u, uw)R(u, 1) R(w, 0)id (w, w)R(w, )il (v, w)il (u,u)R(u, 1)

where I(u, v ) represents the set of items rated by both users v and v . After
similarity calculation, the nearest neighbor set S(u) can be obtained. Let R(u)
be the average rating of user u, then the predicted rating R(u, i)* is calculated
as in equation (2) [?]:

uS(u)R * (u, 1) R(u)Sim(u, u)(R(u, i) R(u))|Sim(u, u)|uS (u)
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Research has found that in many cases, using cosine similarity to improve recom-
mendation accuracy inadvertently reduces aggregate diversity. These situations
represent the shortcomings of cosine similarity when dealing with uneven and
sparse user rating data.

Example 1. Assume four users u;, uy, us, u, and their rated items: Ln(u,) =
{iy, i3, @5}, In(uy) = {is, i, iz}, Ln(ug) = {is}, Ln(u,) = {iy, i3, iz }. Clearly,
ug is the nearest neighbor of the other three users because in this case they only
share one commonly rated item ;. Therefore, the cosine similarity between user
u; and other users is 1, as cosine similarity typically considers two users with
one common rated item to have a similarity of 1 regardless of individual rating
differences.

Example 2. Assume four users with ratings: u; = {2, 2, 2}, uy, = {5, 3, 3},
ug = {5, 5, 5}, uy = {2, 5, 3}. The similarity between user u, and the other
three users is identical at 0.9366. This problem becomes more severe when the
number of ratings is very limited because insufficient valid ratings increase the
probability of computational errors. If this occurs in user u’ s nearest neighbors,
user v s predicted rating R(u, i)* will equal the average rating since R(vw ,
i) equals R(v ) (see equation (2)). Therefore, the fewer ratings a user has,
the greater the prediction error, subsequently affecting both recommendation
accuracy and aggregate diversity.

3.2 Optimized Similarity Algorithm

The solution to this problem involves weakening users with few ratings (whether
total ratings or individual item ratings) and strengthening users with abundant
rating data. The specific approach considers the number of commonly rated
items between two users. In reality, the more items two users have rated in
common, the higher their relative similarity should be. Therefore, the number
of commonly rated items should be an important factor in similarity calculation.
Based on this principle, we designed the Relative Similarity (RS) algorithm as
follows:

CR: Number of common rated items
MCR: Maximum number of common rated items

Input: User set U, item set I, similarity between any two users simuser,any__ {user}
Output: Relative similarity RS

CR=0, MCR=0
for user = 1 to |U|-1 do
MCR=0

for any_{user}=user+1 to |U| do
CR=|I(user, any_{userl) |
if CR > MCR then
MCR=CR
end
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end
end
for user=1 to |U| do
for any_{user}=user+1 to |U| do
CR=|I(user, any_{user}) |
W=(CR/MCR)
RS=Wxsimuser,any_{user}

This algorithm modifies the similarity calculation results between users after
initial similarity computation. It has three input parameters: user set, item
set, and calculated similarity between users. Lines define two variables: CR
(the number of common rated items between current user and any user) and
MCR (the maximum number of common rated items between current user and
all users). The inner loop from lines to calculates the maximum number
of common rated items between the current user and other users, while the
outer loop from lines to determines the maximum number of common rated
items among all user pairs, preparing data for weight usage in the algorithm’ s
second part. The second part (lines -) applies weighted correction to previously
calculated similarity results. Line sets the ratio of the number of common
rated items between any_ {user} and current user user to the maximum number
of common rated items for the current user as the weight W. Line uses this
weight to modify the similarity calculation result, yielding relative similarity
RS. When two users have a relatively large CR, W approaches 1, indicating
higher similarity, while a smaller CR makes W approach 0, indicating lower
similarity, consistent with the algorithm’ s design. Nearest neighbors calculated
using the modified similarity values are more accurate.

For instance, in Example 1 from Section 3.1 where Ln(u, ) = {4, i3, @}, Ln(uy)
= {is, i5, iz }, Ln(us) = {is}, Ln(uy) = {iy, i3, i; }, assuming only these four
users exist in the user set, the maximum number of common rated items for
user u; with other users is 2. Therefore, the relative similarity RS between
u; and ug is 1/2 = 0.5. With more users, the similarity between wu; and ug
could be even lower. In Example 2, where four users collectively rated three
items, the relative similarity RS between u, and the other three users should be
0.9366/3 = 0.3122. Comparing these values, the optimized relative similarity
better reflects true user similarity.

Using relative similarity RS in rating prediction adjusts misleading similarity
through weighting common rated items, giving greater influence to items with
more common ratings in similarity calculation while reducing the weight of items
with fewer common ratings. This prevents misleading similarities from being
considered as nearest neighbors. The modified predicted rating calculation is
shown in equation (3):

R (u, i) R(u)uS (u)u, u * (R(u, i) R(u))uS(u)

Using this formula for predicted rating calculation yields recommendation re-
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sults with relatively high user satisfaction in both accuracy and aggregate di-
versity.

4. Experiments and Results
4.1 Dataset

The experiments used a subset of the publicly available MovieLens dataset. The
MovieLens dataset contains 100,000 ratings from 943 users on 1,682 movies, with
rating values ranging from 1 to 5. The data subset was partitioned into 80%
training set and 20% test set. The following operations were implemented in
both datasets: creating a user-item matrix, calculating nearest neighbors in
collaborative filtering using the modified similarity equation, and performing
rating prediction after determining nearest neighbors. Finally, recommended
items were determined based on the criterion whether the predicted rating R(u,
i)* for user u on item ¢ exceeded the rating threshold.

4.2 Evaluation Metrics

The algorithm design aims to improve aggregate diversity while maintaining
accuracy; therefore, evaluation should consider both metrics. After predicting
ratings for target items, the algorithm generates final recommendation lists by
setting a rating threshold. The associated threshold is defined as Tr. For each
predicted rating, if R(u, i) > Tr*, recommendation accuracy is calculated as
follows [?]:

|result(Ln(u))]
|(L(w))]

where Ln(u) = {i;, iy, -, © } represents the top n recommended items, and
result(Ln(u)) = {i Ln(u) | R(u, i) > Tr} represents recommended items whose
actual ratings exceed the specified threshold.

accuracy

Even highly accurate recommendation systems cannot guarantee user satisfac-
tion with recommendation results. Another critical aspect is the variety of
recommended items, evaluated through recommendation system diversity met-
rics. However, different researchers employ varying diversity metrics. Diversity
comprises individual diversity and aggregate diversity: individual diversity mea-
sures intra-user variety—the diversity of items recommended to a single user—
while aggregate diversity measures a system’ s ability to recommend different
items to different users. This paper employs the following aggregate diversity
calculation formula [?]:

LWl

diversity 0]
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4.3 Experimental Results Analysis

Figure 1 [Figure 1: see original paper]| compares accuracy before and
after using relative similarity with three dashed lines showing accuracy variation
with rating threshold using traditional similarity calculation for nearest neighbor
counts of 10, 20, and 50, and three solid lines showing accuracy variation under
the same conditions using relative similarity.

The data in Figure 1 shows that with the same rating threshold, recommenda-
tion accuracy improves as the number of nearest neighbors increases—a similar
trend in both datasets. This indicates that the number of nearest neighbors
positively influences recommendation accuracy, though more neighbors simulta-
neously increase prediction rating computational complexity. The comparison
between dashed and solid lines reveals that relative similarity not only fails to
reduce recommendation accuracy but actually improves it, with noticeable en-
hancement when the rating threshold is 3.5. These results demonstrate that the
algorithm successfully maintains recommendation accuracy as designed.

Figure 2 [Figure 2: see original paper] similarly uses three dashed and
three solid lines to compare aggregate diversity before and after applying relative
similarity. The results show that aggregate diversity significantly improves when
using relative similarity. Experimental data indicates that at a rating threshold
of 3.5, diversity increases from 98 to 221 when nearest neighbors is 10, from 87
to 201 when nearest neighbors is 20, and from 79 to 127 when nearest neighbors
is 50.

Additionally, the solid lines in Figure 2 show that when the threshold is small,
aggregate diversity values significantly improve compared to not using relative
similarity. However, as the threshold gradually increases, especially reaching 4,
aggregate diversity values approach those of the original method. Figures 1 and
2 also reveal that when the threshold is 4, although accuracy is relatively high,
diversity values decrease substantially, leading to the conclusion that higher
rating thresholds result in more concentrated recommendation varieties. The
comparison of solid line data further shows that at a threshold of 3.5, recom-
mendation accuracy is lowest while diversity is highest, demonstrating their
mutually constraining relationship.

This paper proposes an effective method for improving recommendation aggre-
gate diversity and introduces a relative similarity-based approach for analyzing
recommendation diversity. Experimental results demonstrate that compared to
previous research methods, the proposed recommendation model effectively op-
timizes both aggregate diversity and accuracy as the threshold increases. More-
over, at relatively high thresholds (e.g., 3, 3.5), the system’ s recommendations
maintain high accuracy while achieving good diversity optimization.

The proposed method primarily focuses on improving recommendation system
aggregate diversity. Previous research has addressed individual diversity op-
timization, and investigating the correlation between these two diversity types
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and comprehensive improvement methods represents a direction for future work.
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