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Abstract

How to evaluate the quality of collaborative filtering recommendations—specifi-
cally, conducting quality assessment of recommendation results before pushing
recommended items to users—is a problem worthy of research. This paper pro-
poses a collaborative filtering recommendation quality evaluation method based
on empirical distribution and KL divergence, termed RQE-EDKL (recommen-
dation quality evaluation based on empirical distribution and KL divergence).
RQE-EDKL first utilizes historical user-item data to generate historical usage
probability distributions of items under varying item quantities; then, it com-
pares this distribution with the user item usage probabilities obtained from
various collaborative filtering recommendation methods, calculating their KL
divergence; finally, it regards the recommendation result with the minimum KL
divergence as the optimal recommendation result and pushes it to users. Exper-
imental results on the TalkingData dataset demonstrate that the RQE-EDKL
evaluation method can effectively select recommendation results that better
align with users’ real needs among different recommendation results, thereby
improving the quality of collaborative filtering recommendations.

Full Text

Preamble

Study on Recommendation Quality Evaluation Based on Empirical
Distribution and KL Divergence

Zhang Wen!, Jiang Yipan', Zhang Siguang®, Cui Yangbo!, Du Yuhang!

1School of Economics & Management, Beijing University of Chemical Technol-
ogy, Beijing 100029, China

chinarxiv.org/items/chinaxiv-201805.00480 Machine Translation


https://chinarxiv.org/items/chinaxiv-201805.00480
https://chinarxiv.org/items/chinaxiv-201805.00480

ChinaRxiv [$X]

’Institutes of Science & Development, Chinese Academy of Sciences, Beijing
100190, China

Abstract: Evaluating the quality of collaborative filtering recommendations
before pushing recommended items to users is a problem worth studying. This
paper proposes a method called RQE-EDKL (Recommendation Quality Evalu-
ation based on Empirical Distribution and KL Divergence) to evaluate collabo-
rative filtering recommendation quality. RQE-EDKL first generates historical
usage probability distributions of items under different item quantities using
historical user-item data. It then calculates the KL divergence between these
distributions and the item usage probability distributions obtained from various
collaborative filtering recommendation methods. Finally, the recommendation
result with the minimum KL divergence is considered the best and pushed to
users. Experimental results on the TalkingData dataset demonstrate that the
RQE-EDKL evaluation method can effectively select recommendation results
that better match users’ real needs among different recommendation results,
thereby improving the quality of collaborative filtering recommendations.

Keywords: Empirical distribution; Recommendation algorithm; KL diver-
gence; Collaborative filtering

0 Introduction

Recommender systems match users with the most suitable items or services
based on sufficient user data. For ordinary users, recommender systems rec-
ommend interesting items, enabling “one-to-one” services. By analyzing user
behavior data, they can even uncover new interest points that users themselves
are unaware of and dynamically adjust as user needs change, reducing informa-
tion collection costs. For product or service providers, more accurate recom-
mendations lead to higher user engagement and greater profits from loyal users.
Consequently, e-commerce websites, social software, and video/audio stream-
ing platforms have all introduced recommender systems to provide personalized
choices. According to VentureBeat statistics, Amazon’ s recommender system
contributes to 35% of its product sales.

Based on this analysis, this paper proposes RQE-EDKL, a collaborative filter-
ing recommendation quality evaluation method based on empirical distribution
and KL divergence. The fundamental idea is to introduce empirical distribu-
tion into recommendation algorithms and use KL divergence (Kullback-Leibler
divergence) to measure the similarity between the recommendation result distri-
bution of traditional recommendation algorithms and the empirical probability
distribution, thereby filtering the most credible recommendation results for end
users. Unlike general recommendation accuracy evaluation metrics, RQE-EDKL
provides a more scientific measurement approach by introducing probability dis-
tributions from statistics, increasing the utilization of user information and item
information.
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Current research on recommendation algorithms is extensive, including rule-
based, content-based, collaborative filtering, and matrix factorization methods.
Collaborative filtering has gained widespread favor in academia and industry due
to its ease of implementation and high recommendation accuracy. Collaborative
filtering recommendations fall into two categories: user-based collaborative filter-
ing and item-based collaborative filtering. The former essentially recommends
items used by similar users, while the latter recommends items similar to those
the user has already used. Many scholars have improved upon collaborative fil-
tering algorithms in two main directions. First, measuring similarity in different
ways. In this direction, Nikolaos et al. proposed a multi-level collaborative filter-
ing algorithm that divides similarity rankings obtained from the commonly used
Pearson Correlation Coefficient (PCC) into different levels, adding correspond-
ing constraints to each level to improve similarity measurement accuracy and
recommendation effectiveness. Wang Fugiang et al. proposed a location-based
asymmetric similarity collaborative filtering algorithm (LBASCF) that fuses co-
sine similarity with location-based similarity to obtain a new asymmetric user
similarity that reflects both location and interest preferences. Choi et al. consid-
ered the similarity degree between all items and target items when measuring
user similarity—the more similar an item is to the target item, the greater its
weight in measuring user similarity. Second, optimizing and improving the rec-
ommendation model. Deng Xiaoyi et al. established a collaborative filtering
recommendation model based on context clustering and user ratings, clustering
users according to context information, introducing social network theory to an-
alyze relationships between users, and building a user rating model to evaluate
users’ recommendation capabilities for score prediction. George et al. proposed
a joint clustering algorithm based on singular value decomposition, designing
a parallel version of the co-clustering algorithm to build an efficient real-time
collaborative filtering framework. Liu Fuyong et al. proposed a recommenda-
tion algorithm based on an improved Bayesian probability model, setting an
association vector for each user and item, and designing a decision algorithm to
reduce computational complexity and storage overhead by utilizing the sparsity
of user vectors.

However, there is no complete quality evaluation system for the final recommen-
dation results of many recommendation algorithms. The question of how to
integrate results from different recommendation algorithms and filter the most
suitable items for users through certain methods needs attention after multi-
ple recommendation algorithms generate recommendation lists. Additionally,
analyzing the historical download records of Apps in the TalkingData dataset
reveals two fundamental facts. First, for a single user, the “user popularity”
of downloaded Apps follows a typical Low-Rank-Plus-Shift distribution. That
is, among the set of Apps downloaded by a single user, a few Apps have very
high popularity among all users, while most Apps are downloaded by relatively
few users. This confirms the commonality and uniqueness of user preferences
for Apps. Second, for a single App, the “App popularity” among its users also
follows a typical Low-Rank-Plus-Shift characteristic. Regardless of how many
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users have downloaded an App, only a few of these users have historically down-
loaded a large number of Apps, while most users have not downloaded many
Apps. This confirms the commonality and uniqueness of Apps for users. Specific
analysis is provided in Section 4.1.

1 Related Work
1.1 Recommendation Problem Statement

Assume there are m items to be recommended {v,,vy, ..., v;,...,v,,}. For each
item v;, its historical user set is U(v;) = {1, Ujn; -+, Usjy oy Uy, } Where 1 <
i <mand 1 < j <n. Foreach user u;, the set of items they have currently
used is V(u;) = {v;1, 09, s Vjgs o, Vs } where 1 < j <mnand 1 < s <n. The
mainstream approach of current recommendation algorithms is to recommend a
set of unused items {v;;,v)s,...,v;,} that user u; is most likely to be interested
in, based on the item’ s historical usage record U(v;) and the user’ s already-
used item set V'(u;). Without loss of generality, assume the set size is N, i.e.,
|V (u;)] = N. The purpose of the recommendation algorithm is to recommend

N unused items that user u; is most likely to be interested in.

1.2 User-Based Collaborative Filtering Algorithm (User-CF)

The user-based collaborative filtering recommendation algorithm consists of two
steps. First, find the set of users similar to the target user. Second, find items
liked by this set of users but not yet selected by the target user. When measuring
similarity between users, the cosine similarity method can be used. For users u;
and u,, let V(u,) represent the set of items used by user u,, and V (u,) represent
the set of items used by user u,. The similarity between user u; and user u, is:

[V (uq) NV (uy)]
[V (up)l - [V (uy)|

Wyg =

After obtaining the user similarity matrix, the following formula is used to
measure user u’ s interest degree p(u,v) in item wv:

p(u,v) = Z U}uu,C

up €S (u, K)NU (v)

where S(u, K) represents the K users most similar to user u, U(v) is the set
of users who have interacted with item v, and Wy, represents the similarity
between user u and user wg. Since single-behavior implicit feedback data is
used, all r,,,, values are 1. Through the above formula, we can obtain the interest
degree p(u,v) values that connect the target user with all items through its K
most similar users. By summing these p(u,v) values, we can obtain each user’
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s interest degree in each item and rank Apps accordingly to form the final
recommendation sequence.

1.3 Item-Based Collaborative Filtering Algorithm (Item-CF)

Item-based collaborative filtering assumes that people will like items similar to
those they have previously used. This recommendation algorithm also has two
steps. First, calculate similarity between items. Second, recommend potentially
interesting items to users based on item similarity and the target user’s historical
behavior. The similarity w,; between items v; and v; can be defined as:

|U(v;) NU(v;)]
|U ()] - |U(Uj)|

w;

where |U(v;)| is the number of users who have used item v;, and |U(v,)| is the
number of users who have used item v;. The numerator is the set of users who
have used both item v; and item v;. After obtaining the similarity between
all item pairs, analyze each item used by the user, take the top K items most
similar to each item that the user has not used, and sum the similarities to
obtain the user’ s interest degree in each item. Finally, rank items according to

the user’ s interest degree to form the recommendation sequence.

1.4 Joint User-Item Collaborative Filtering Algorithm (K-UNN)

Verstrepen et al. proposed combining user-based and item-based collaborative
filtering algorithms, introducing a fusion algorithm K-UNN based on nearest
neighbor theory. This algorithm targets Boolean-type data, a pattern Pan et
al. call OCCF (one-class collaborative filtering). The K-UNN algorithm per-
forms weighted summation of user-based and item-based collaborative filtering
recommendation algorithms, with the calculation formula:

LNGS(u;,v;

):L-N-G'S'P(Ujvvi)'wujuk "oy,

99
where LINGS represents four different dimensions for measuring interest degree.
L represents the user’ s direct interest degree in an item, NN represents the
user’ s interest degree in an item through neighbor relationships, G represents
the overall interest degree of all users in the item, reflecting the user’ s global
interest situation, and S represents the choice of scaling function, which can be
adjusted according to actual conditions.
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2 RQE-EDKL: Collaborative Filtering Recommendation
Quality Evaluation Based on Empirical Distribution and
KL Divergence

2.1 Empirical Distribution of User-Used Items

Most recommendation algorithms focus on the selection relationship between
users and items, with less analysis of the user distribution of the item set itself.
As the object of recommendation, items themselves contain much information
of important reference value, and how many users have selected each item is
one of the important items. When analyzing the distribution of items used by
a user, first calculate the usage frequency of each item in the user’ s used item
set among all users. Second, place the occurrence counts of all items used by
the user into different equal intervals. We specify the number of intervals as 10,
as experiments show that setting the number of intervals to 10 yields the best
results. That is, Apps installed by user u; are placed into 10 equal intervals in
descending order according to their total installation counts. Finally, count the
number of items in each interval and calculate the proportion of items in each
interval relative to the total number of items used by the user, using this as the
probability distribution of items used by the user.

The empirical distribution of items used by a single user refers to the probability
distribution of the number of items in different intervals used by that user. As
shown in the third column of , this is the empirical probability distribution of
Apps used by a user. The standard empirical distribution refers to the prob-
ability distribution of the number of items in different intervals for users who
have used the same number of items, as shown in the fifth column of , which is
the standard empirical distribution for users who have installed 12 Apps. It is
worth noting that empirical distributions are discrete probability distributions.

Through the above method, different empirical distributions can be generated
for users who have installed different numbers of Apps. For example, shows the
installation status of Apps by a user, where the value ¢ represents the number
of times the App has been installed among all users. The table shows that the
user has installed a total of 12 Apps, with App number 12 having the highest
occurrence count of 91, and App number 4 having the lowest occurrence count
of 12. The ¢ values are divided into 10 equal intervals: [12,20), [20, 28), [28, 36),
[36,44), [44,52), [52,60), [60,68), [68,76), [76,84), [84,91]. The proportion of
Apps in each interval relative to the total number of Apps installed by the user
and the standard distribution for users who have installed this number of Apps
are shown in . When visualized, this distribution is shown in [Figure 1: see
original paper]|, where the empirical distribution of Apps installed by the user
and the standard user distribution for this quantity level are represented by two
line graphs.
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2.2 Recommendation Quality Evaluation

In studying collaborative filtering recommendation quality evaluation based on
empirical distribution and KL divergence, this paper introduces probability dis-
tributions from statistics. After obtaining recommendation lists from different
recommendation algorithms, it statistics the user distribution of recommended
items. The user distribution of recommendation list L, refers to the user dis-
tribution of the j-th recommended item in the recommendation list for user u;.
By comparing this distribution with the predetermined standard distribution
S (uj) of user u; and calculating their similarity, the recommendation result
most similar to the historical user empirical distribution can be selected to im-

prove recommendation accuracy.
The process involves four steps:

a) Calculate the standard distribution. When calculating the standard
distribution, the method proposed in Section 3.1 for the standard distri-
bution of user-used items is adopted. First, users who have used the same
number of items need to be merged to obtain Uy, which refers to the set of
users with a total count of n who have all used IV items. For each user in
a single quantity level, extract the items used by the user, merge all items
used by all users, and obtain the set of all appeared items V), which refers
to the standard item set for users who have used N items at this quan-
tity level. Next, the distribution calculation method for user-used items
mentioned in Section 3.1 can be used to calculate the standard distribu-
tion. Divide 10 equal intervals according to the overall installation count
of Apps, and place each App in its corresponding interval. These 10 equal
intervals serve as the reference intervals for users who have installed this
number of Apps. That is, different standard distributions can be found
corresponding to different numbers of Apps installed by users. In [Figure
2: see original paper], S(uy) is the standard distribution corresponding to
the number of items used by user 1.

b) Use different recommendation algorithms to form different rec-
ommendation lists and calculate the empirical distribution of
user-used items for the recommendation lists. This paper adopts
User-CF, Item-CF, and K-UNN algorithms from Section 2 as baseline rec-
ommendation algorithms. Using these three recommendation algorithms,
three recommendation lists are formed. The empirical distribution cal-
culation method for user-used items proposed in Section 3.1 is used to
calculate the user distribution of recommendation results formed by dif-
ferent recommendation algorithms for users.

¢) Calculate the KL distance between the user distribution ob-
tained from the three algorithms’ recommendation lists and the
standard user distribution of items. KL distance, also called relative
entropy, essentially measures the difference between two probability dis-
tributions P and S for the same space event. The smaller the KL distance,
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the more similar the distributions of P and S.

For discrete distributions, the KL distance from P to S is calculated as follows:

Dy (P||S) = ZP log( )

where P refers to the empirical distribution of user-used items, S refers to the
standard empirical distribution matched according to the number of items used
by user u;, and N refers to the number of items recommended to the user. Here,
formula (5) is used to calculate the KL distance between the standard distri-
bution and the empirical distribution formed by the baseline recommendation
algorithm. Using the data in as an example, we can obtain:

0.25
Dy, (P|IS) = 0.25xlog (

0.19 0.17
19x1 1
018>+0 9x og( )—1—0 17x og(

0.08
0.08x1 =0.27
0.17 008>+ . Xog(003>
That is, the KL divergence between the empirical distribution of the 12 Apps

installed by user u; and the standard distribution for the 12-App quantity level
is 0.27.

d) Select the recommendation list corresponding to the user distri-
bution with the minimum KL distance as the best recommen-
dation algorithm to form the final recommendation for the user.
Therefore, filter the recommendation results corresponding to distribu-
tions with larger KL distances for the user, and select the recommendation
result corresponding to the distribution with the minimum KL distance
as the best recommendation result provided by the collaborative filtering
recommendation quality evaluation method based on empirical distribu-
tion and KL divergence proposed in this paper. The flowchart of the four
steps is shown in [Figure 2: see original paper].

3 Experiments
3.1 Experimental Data

Experimental data comes from the Kaggle website (http://www.kaggle.com)
provided by TalkingData, a big data company, containing real information about
Android phone users’ App usage. This includes user profile information such
as gender, age group, and mobile phone brand and model for nearly 80,000
Android phone users, as well as dynamic information on user location, mobile
App downloads, usage, and categories from May 1, 2016 to May 7, 2016, totaling
more than 30 million records. For privacy and security considerations, each user
is represented by a unique ID in the data.
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When conducting experiments, due to the large data volume and for practical
recommendation usability, this paper filtered the above data. In the original
data, each user behavior automatically generates an event when using an App,
including accessing the Internet via the App, using a new App, deleting an old
App, etc. These events contain user behavior time information (specific to the
second) and the App currently being used by the user (including background
opening behavior). After counting and sorting user behavior frequencies, to min-
imize the impact of data sparsity, this paper selected 2,020 users with behavior
frequencies between 500-1,000 as the experimental dataset. The reason is that
these users’ behavior frequencies are in the middle range of all users, with rela-
tively regular and stable behavior. They neither stick to already-used Apps nor
blindly follow trends, making the data relatively representative. Among these
2,020 users, 250 users used fewer than 10 Apps. For App recommendation, the
information from these users is insufficient to generate reasonable recommenda-
tions, so these 250 users were removed, leaving 1,770 users as the experimental
subjects in this paper. After summarizing the personal information and dy-
namic behavior of these 1,770 users, they serve as the experimental dataset for
this study.

As shown in [Figure 3: see original paper|, the set of App IDs downloaded by
a user is {1,2,3,4,5,6--}, totaling 63 Apps. The historical download counts of
these Apps among all users follow a typical Low-Rank-Plus-Shift distribution.
Although the user downloaded 63 Apps, [Figure 3: see original paper] shows
that only 10 Apps (16%) have historical download counts greater than or equal
to 700, while the remaining 53 Apps (84%) have download counts less than 700.

Second, for a single App, the “App popularity” among its users also follows
a typical Low-Rank-Plus-Shift characteristic. That is, regardless of how many
users have downloaded an App, only a few of these users have historically down-
loaded a large number of Apps, while most users have not downloaded many
Apps. This confirms the commonality and uniqueness of Apps for users. As
shown in [Figure 4: see original paper], the set of users who have historically
downloaded a certain App is {1,2,3,4,5,6:--}, totaling 114 users. In other words,
the App was downloaded by 114 users. The number of Apps downloaded by
these users in history follows a typical Low-Rank-Plus-Shift distribution. [Fig-
ure 4: see original paper| shows that only 25 users (22%) have downloaded 70
or more Apps in history, while the remaining 89 users (78%) have downloaded
no more than 70 Apps.

3.3 Accuracy Metrics

When measuring the recommendation accuracy of each recommendation algo-
rithm, this paper adopts two widely used evaluation metrics from the informa-
tion retrieval field: MAP (Mean Average Precision) and MRR (Mean Reciprocal
Rank). Specifically:
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MAP = 1 Z AveP(q)
Q=

where @ is the number of users in the test set, and

AvePla) — L Nk
ve (q)_ﬁkz;lrankik

where N is the number of Apps installed by the user, rank;, is the ranking
position of App v; expected to be recommended for user u,, and rank;, is the
actual recommendation ranking position of App v,.

TS o
T Q —~ rank;

These two metrics are relatively simple to calculate and provide good measure-
ment effects. MAP is a single-value metric reflecting system performance across
all relevant documents. The more relevant results the system recommends at
the front, the higher the MAP. If the system returns no relevant results, the
MAP value defaults to 0. MRR takes the reciprocal of the ranking of the stan-
dard result in the evaluated system’ s output as its accuracy, then averages all
results, serving as an important metric for measuring recommendation results.
When different algorithms recommend Apps to users, each algorithm generates
a ranked list of recommended Apps. MAP and MRR values are then calculated.
When Apps that users are truly interested in are ranked higher, MAP and MRR
values are higher, and the recommendation effect is better.

3.4 Novelty and Diversity Metrics

Recommendation novelty refers to the ability to recommend items or services
that users have never heard of. Recommendation diversity includes individual
diversity and overall diversity. Individual diversity refers to the diversity of
items in the recommendation list generated by the recommender system for
a single user. Improving individual diversity can solve the problem of high
similarity among items within recommendation lists. Overall diversity means
that recommendations for different users should be as different as possible.

This paper adopts the novelty measurement method proposed by Hurley et al.:

NOV:%Z <1d(1’mv)>

v, €L
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where L is the recommended App list, m is the number of recommended Apps,
d(v;,v,) is the distance measurement function used to measure the similarity

between App v; and App v,, and ¢(v;) is the number of times App v, was
downloaded by users.

For diversity measurement, this paper only considers individual diversity, using
the Internal List Distance (ILD) metric:

LD = =T, 2, 2, (1 smives)

v, €V (u;) v;€V (uy)

where |V (u;)| is the number of Apps installed by user u;, and sim(v;,v;) is the
similarity between App v; and App v,.

3.5 Experimental Setup and Results

This paper uses User-CF, Item-CF, and K-UNN as baseline algorithms. The
proposed RQE-EDKL method calculates KL distances on top of the recommen-
dation lists from these three algorithms to obtain the best recommendation list.
Specifically, the experiments consist of two parts. The first part fixes the test
set proportion R and continuously adjusts the number of Apps masked for each
user K, starting from 2 and increasing by intervals of 2 up to 10. The second
part fixes the number of masked Apps K at 8 and varies the test set proportion
R from 5% to 25% in increments of 5%.

In the first part of the experiment, for simplicity, the test set proportion is
set to 5%, meaning 90 users are randomly selected from 1,770 users to form
the test set, with the remaining 1,680 users forming the training set. During
the experiment, the number of masked Apps K for each user in the test set
is continuously changed from 2 to 10 in increments of 2, with the selection of
masked Apps being random. According to the proposed RQE-EDKL method,
the standard distribution is first calculated using the App usage information of
users in the training set. Then, for the 90 users in the test set, three different
recommendation lists are obtained using User-CF, Item-CF, and K-UNN algo-
rithms. For each test user, these three recommendation lists essentially rank
all Apps not used by the user according to different criteria, with the ranking
standard being the user’ s interest degree.

To match real-world situations, this paper does not select all recommended Apps
for distribution calculation but instead takes the top 20 Apps from each recom-
mendation list as the new final recommendation list. For the randomly selected
90 test users, each user first receives three different recommendation lists from
the three algorithms. Then, the KL distance between each algorithm’ s App dis-
tribution and the standard distribution is calculated, and the recommendation
algorithm result with the minimum KL distance is selected as the recommen-
dation result of the proposed RQE-EDKL method, ultimately forming a new
recommendation list. This list is the final result of the method proposed in this
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paper. Since some test users’ numbers of used Apps cannot find correspond-
ing standard distributions in the training set, this paper selects the standard
distributions for the user’ s actual number of used Apps and the two adjacent
quantities (i.e., 5 standard distributions) and fuses them to form a new stan-
dard user distribution. Finally, this list is compared with the baseline methods
—User-CF, Item-CF, and K-UNN algorithms—and MAP and MRR values are
calculated.

[Figure 5: see original paper]| shows the performance of the proposed RQE-
EDKL method and baseline methods on MAP and MRR metrics when using
5% of experimental data as the test set and recommending different numbers of
Apps. From [Figure 5: see original paper], we can see that first, when the test
set proportion is fixed at 5%, whether for the proposed RQE-EDKL method
or User-CF, Item-CF, and K-UNN algorithms, their MAP values are above 0.5,
indicating good recommendation performance. At the same time, as the number
of masked Apps increases from 2 to 10, their MAP and MRR values show a clear
downward trend. That is, the more historical App usage information is hidden
from users, the worse the recommendation effect; conversely, the more complete
the user’ s historical App usage information, the better the recommendation
effect.

Second, combining MAP and MRR values, the figure clearly shows that the pro-
posed RQE-EDKL method can significantly improve recommendation accuracy.
Essentially, the RQE-EDKL method utilizes the Low-Rank-Plus-Shift charac-
teristic of historical usage frequency of Apps used by users, combined with KL
divergence to measure recommendation result quality. As shown in [Figure 1:
see original paper| and [Figure 3: see original paper], Apps used by users can
generally be divided into two types: popular Apps reflecting users’ common
preferences, and unpopular Apps reflecting users’ personalized preferences. The
RQE-EDKL method essentially considers the rationality of users’ usage of these
two types of Apps, i.e., whether the recommendation result contains both popu-
lar and unpopular Apps, and whether the distribution of popular and unpopular
Apps is consistent with the empirical distribution. Therefore, RQE-EDKL can
extract useful information to the greatest extent possible to improve recommen-
dation result quality and achieve better recommendation performance.

In terms of novelty and diversity, as shown in [Figure 6: see original paper], the
proposed RQE-EDKL method performs significantly better than other recom-
mendation algorithms. Because this algorithm considers the distribution of all
Apps used by users, it can maximize the possibility of recommending unpopular
Apps to users, thereby increasing novel Apps in recommendations. At the same
time, through the above experiments, it can be found that when the number of
masked Apps K is 8, the MAP values of the four recommendation algorithms
considered in this paper gradually show a relatively stable trend.

[Figure 7: see original paper| shows the performance of the proposed RQE-
EDKL method and baseline methods on MAP and MRR metrics when fixing
K at 8 and continuously changing the proportion of the test set. From [Fig-
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ure 7: see original paper]|, we can see that first, with K fixed and the test set
proportion R changing, as the test set proportion continues to increase and
the training data continuously decreases, the MAP values of User-CF, Item-
CF, and K-UNN algorithms generally show a decreasing trend. The proposed
RQE-EDKL method remains relatively stable when test set proportions are 5%,
10%, and 15%, at approximately 0.65. When the test set proportion is 20%,
the MAP value shows a significant increase, reaching about 0.75, but when the
test set proportion increases to 25%, the MAP returns to the previous level of
0.65. This paper considers that a test set proportion of 20% can be treated as
an outlier, where some accidental factors caused fluctuations in the MAP value.
For MRR values, there is no obvious pattern in the change trend. When test
set proportions are 10% and 20%, the MRR values of the proposed RQE-EDKL
method show two small peaks. User-CF only shows a significant increase when
R is 10%, then shows a downward trend. When R takes other values, except
for a very obvious decrease in Item-CF’ s MRR at a test set proportion of 25%,
other recommendation algorithms maintain a relatively stable state. Second, re-
gardless of the amount of training data, the recommendation performance of the
RQE-EDKL method is basically higher than the other three baseline methods,
demonstrating the effectiveness of this recommendation algorithm. No matter
what the training set proportion R is or what the value of K is, better recommen-
dation results can be obtained. When using MAP to measure recommendation
effectiveness, a test set proportion of 20% yields the best results. When using
MRR to measure recommendation effectiveness, test set proportions of 10% or
20% yield the best results.

[Figure 8: see original paper| shows the performance of the proposed RQE-
EDKL method and baseline methods on NOV and ILD metrics when fixing K
at 8 and continuously changing the test set proportion. From the figure, we
can see that the proposed recommendation algorithm is very stable in novelty
performance, stable at about 0.85 with small fluctuations and higher than the
other three baseline recommendation algorithms. In diversity performance, the
gap with the other three baseline algorithms is relatively small, but overall it is
still higher than the other three baseline recommendation algorithms.

4 Conclusion

With the exponential explosion of online information, the cost of obtaining in-
formation that matches user needs continues to increase. Improvements to rec-
ommendation algorithms can save time costs for both product/service providers
and users. This paper proposes a collaborative filtering recommendation qual-
ity evaluation method based on empirical distribution and KL divergence. On
real Android market data, it compares the method with user-based collabora-
tive filtering, item-based collaborative filtering, and joint user-item collaborative
filtering algorithms. Experimental results show that the RQE-EDKL method
performs better in both recommendation accuracy and recommendation result
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diversity. It can maintain stable recommendation results when the size of the
test set or the number of masked Apps changes. The reason is that the RQE-
EDKL method integrates the concept of distribution from statistics into ma-
chine learning, integrates currently popular recommendation algorithms with
relatively good recommendation effects, and improves upon them by filtering
their recommendation results. The method proposed in this paper narrows the
recommendation scope, making it more focused, uses items with high user inter-
est probability as candidate recommendation targets, and further screens them
using a user distribution method, improving recommendation result quality. It
is worth mentioning that this paper not only focuses on recommendation accu-
racy but also innovates in how to improve recommendation novelty, providing
users with unique items that match their personal interests.

Future research will incorporate user profile information into the recommenda-
tion process, including user gender, age group, and other information, to find
more effective methods for improving App recommendation algorithm perfor-
mance.
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