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With the explosive growth of information resources in the age of big data, mankind has gradually fallen into a serious
“information overload” situation. In the face of massive data, collaborative filtering algorithm plays an important role in
information filtering and information refinement. However, the recommendation quality and efficiency of collaborative
filtering recommendation algorithms are low. The research combines the improved artificial bee colony algorithm with K-
means algorithm and applies them to the recommendation system to form a collaborative filtering recommendation algorithm.
The experimental results show that the MAE value of the new fitness function is 0.767 on average, which has good separation
and compactness in clustering effect. It shows high search accuracy and speed. Compared with the original collaborative
filtering algorithm, the average absolute error value of this algorithm is low, and the running time is only 50 s. It improves the
recommendation quality and ensures the recommendation efficiency, providing a new research path for the improvement of
collaborative filtering recommendation algorithm.

1. Introduction

With the continuous advancement of technology and the
rapid development of the Internet, rich information
resources are inundating everyone all the time, and both
information producers and consumers are facing huge chal-
lenges [1]. Information producers need to deliver their infor-
mation precisely to eligible target users, while as information
consumers have to select effective data that satisfies them-
selves among the redundant and complicated mass of data,
so the recommendation system appears. By analyzing users’
historical data and actively providing them with news and
products that meet their needs and interests, recommenda-
tion systems are able to filter information and provide users
with personalized information services. It is playing an
important role in various areas of social life such as current
business systems [2]. Collaborative filtering recommenda-
tion algorithm is a comprehensive filtering algorithm, which
takes the similarity of the item’s attributes or user’s ratings as
the basis for personalized recommendation. It can handle
unstructured complex objects without first extracting the
content of the item. Collaborative filtering recommendation

algorithms are capable of handling unstructured data and
are gradually occupying a central position in recommenda-
tion systems. However, current collaborative filtering recom-
mendation algorithms face a series of significant problems
due to their own algorithmic characteristics, such as difficul-
ties in ensuring real-time algorithm performance when deal-
ing with huge data volumes. Ortega et al. developed a hybrid
recommendation algorithm with multiclass classification
algorithms and executed based on user rating behavior to
improve the prediction and recommendation quality [3].
In addition, the artificial bee colony algorithm (ABC) has
been effectively used in improving clustering performance
due to its fewer parameters, simplicity, and ease of imple-
mentation and global merit seeking capability [4]. However,
the K-means algorithm is prone to fall into local extremum
and rely too much on the initial point selection, and the
algorithm center determination time complexity is high.
Therefore, in the second part of the study, the literature
review of collaborative filtering algorithms at home and
abroad is described. In the first section of the third part,
the artificial bee colony algorithm is improved and com-
bined with the K-means algorithm. The second section of
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the third part is a collaborative filtering recommendation
method based on the improved colony K-means algorithm.
The fourth part is to verify the application effect of the pro-
posed method. The fifth part is the conclusion of the study.

2. Related Work

In recent years, collaborative filtering recommendation algo-
rithms and artificial bee colony K-means clustering models
have received a great deal of attention among related profes-
sionals at home and abroad, and researchers have proposed
many new methods for this purpose. Al-Bakri and Hassan
proposed a modest approach to enhance data prediction by
applying a user-based collaborative filtering algorithm to
clustered data, and the results showed that the algorithm
improved the recommendation system scalability [5]. Selvi
and Sivasankar used supervised adaptive genetic networks
to locate the most popular data points in clusters as a way
to ensure simple and effective recommendations and reduce
error rates. The effectiveness of the algorithm is demon-
strated through experiments on the Netflix dataset [6]. Yang
et al. proposed a time-weighted collaborative filtering algo-
rithm with improved small-batch K-means clustering for
sparse rating matrices and derived user scores with high
recall and rating prediction accuracy to address shortcom-
ings such as user interest bias in traditional collaborative fil-
tering algorithms [7]. Wang et al. proposed a collaborative
filtering algorithm incorporating temporal factors and
applied it to score prediction and nearest neighbor selection
with a time-weighted function. The results showed that the
algorithm has good operational performance [8]. Najafabadi
et al. performed neighbor selection for each user through
user-based fuzzy clustering and a new similarity metric,
and the results showed that it can improve the accuracy of
recommendations to users [9]. Garanayak et al. developed
a new recommendation system using K-means and item-
based collaborative filtering techniques to filter out desired
information segments based on people’s preferences and
concerns for the information [10].

Ashaduzzaman et al. proposed a clustering method that
integrates multicriteria ratings into traditional recommender
systems, rating in multidimensional situations such as auxil-
iary information, contextual information, and multiple cri-
teria, and the results showed that the method was able to
produce effective recommendations [11]. Ali and Wasid
used the K-means algorithm for clustering and incorporated
user-based rating criteria. The Mahalanobis distance metric
was used to calculate the clustering similarity and generate
a neighborhood set. Experiments showed that the algorithm
improved the quality of recommendations [12]. Li et al. pro-
posed a collaborative filtering algorithm based on category
priority to address the problems of scalability and data spar-
sity of collaborative filtering recommendation algorithms
and proposed a user-item priority ratio to calculate the pri-
ority ratio matrix. The recommendation accuracy of this
algorithm was improved by 2.81% through experiments on
the MovieLens dataset [13]. Onuean et al. set up recommen-
dation items based on memory-based collaborative filtering
techniques and used K-means clustering to cluster each data.

The experimental results showed that the method has high
accuracy in prediction and recommendation [14]. Zhu
et al. proposed a fuzzy clustering-based method that evalu-
ates the prediction-driven uncertainty and classifies based
on existing data. Experimental results show that the method
outperforms traditional collaborative filtering recommenda-
tion algorithms [15]. Chakraborty et al. addressed the prob-
lem of large bias in clustering results caused by initial
guesses of clustering centers by combining the K-means
algorithm with a volume metric algorithm and genetic arith-
metic as a way to predict the optimal value of initial cluster-
ing centers. Experimental results showed that the algorithm
improved prediction efficiency [16]. Daoudi et al. developed
a new parallel K-means algorithm using a graphics process-
ing unit to select the initial center of mass by using an open
computing language in the programming environment and
performing the initialization steps on the CPU in parallel.
Experimental results showed that the method reduced the
running time while maintaining quality [17].

In summary, the K-means algorithm has significant
advantages in user clustering, and most researchers have also
used K-means clustering by introducing it into traditional
collaborative filtering recommendation algorithms to
improve recommendation efficiency, but less research has
been conducted on the combination of artificial bee colony
algorithms with K-means. Therefore, the study will improve
the swarm K-means model as a way to enhance the perfor-
mance of recommendation systems.

3. Collaborative Filtering Recommendation
Algorithm Based on Swarm K-Means
Clustering Model

3.1. Improvement of Bee Colony Algorithm Based on K-
Means Clustering Model. The artificial bee colony (ABC)
algorithm is a colony intelligence optimization algorithm
developed on the basis of simulating the foraging behavior
of honey bee colonies. It has the advantages of simple oper-
ation, easy implementation, fast convergence, and few con-
trol parameters and is widely used in optimization
problems such as function optimization and data mining
[18]. The K-means algorithm, a distance-based hard cluster-
ing algorithm, is easy to end up with a local optimum and
difficult to apply to data classification, despite its fast cluster-
ing speed and strong local search capability [19]. K-means
objective criterion function is the distance from each point
to the cluster cent. Solving for the extreme value of the func-
tion can iteratively adjusts the rules. K-means algorithm first
selects k number of clusters and a dataset including n data,
the initial cluster centers are selected randomly, the number
of data samples is k, and the remaining nodes are ðn − kÞ;
then, they are divided into the class where the nearest cen-
troid is located according to the distance of the remaining
nodes to each initial cluster center. The new centroids of
each cluster are obtained by calculating again, and it is
judged whether the new cluster centroids change, i.e.,
whether the criterion function converges. If it converges,
the algorithm ends; otherwise, it continues to the next itera-
tion, as shown in Figure 1.

2 Journal of Applied Mathematics



The K-means algorithm divides the data samples mainly
by measuring similarity, and the Euclidean distance formula
for similarity between samples is given in

d xi, xj
À Á

=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
〠
n

k−1
xik − xjk
À Á2s

: ð1Þ

In Equation (1), xj and xi are the data samples in the
dataset, while xik and xjk are the data samples in the k clus-
ter. The objective criterion function of the K-means algo-
rithm is the mean squared error, as shown in

E = 〠
c

j=1
〠
nj

k=1
xk −mj

 2: ð2Þ

In Equation (2), xk represents the data elements in the
selected sample, E represents the sum of the mean squared
deviations of the data elements, andmj represents the cluster
center of the j cluster. Cluster analysis is judged by the sum
of squares of errors, as shown in Equation (3), with the aim
of obtaining an optimal set of divisions that are as indepen-
dent as possible between clusters and as compact as possible
within clusters.

J = 〠
k
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〠
n

j=1
xj∈Ci
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À Á2,
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1
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j=1
xj∈Ci

xj:

8>>>>>>>>>><
>>>>>>>>>>:
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In Equation (3), xj represents a data sample in the class
Ci, ci is the mean value of the data objects selected in the
cluster Ci, Ni represents the number of data objects in the
ith cluster, and disðxj, ciÞ represents the Euclidean distance
between ci and xj. The artificial bee colony algorithm is

introduced. It is improved and combined with the K-
means algorithm. The artificial bee colony algorithm is
improved at three levels, fitness function, population initial-
ization, and position update, and its conceptual correspon-
dence with the K-means algorithm is shown in Table 1.

The initialization process of the artificial bee colony
algorithm randomly generates nectar sources with twice
the number of nectar sources already generated and ran-
domly generates nectar source information within a given
range of values. Finally, the fitness value of that source is cal-
culated, as shown in

Xij = βj + rand 0, 1ð Þ αj − βj

� �
,

fitness =
1

1 + fitness ,

1 + αβs fitnessð Þ:

8<
:

8>>>><
>>>>:

ð4Þ

In Equation (4), X is the nectar source information,
fitness is the fitness value of the nectar source, rand ð0, 1Þ
is a random number between (0, 1), αj represents the upper
limit of the j dimensional data, and βj is the lower limit of
the j dimensional data. The conventional fitness function is
shown in

fitnessclassicalI =
CNi

J i
: ð5Þ

In Equation (5), fitnessclassicalI is the fitness value of the
nectar source i, and CNi represents the number of points in
the i cluster. In order to combine the improved artificial bee
colony algorithm with the K-means algorithm, it is necessary
to construct a fitness function that makes K-means more
efficient and faster clustering. Considering the intraclass dis-
tance and the number of points contained in each cluster as
an influence, then the new fitness formula is given in

fitnessnewI =
CNi

J i
+ CK

M
: ð6Þ

Random
selection of

objects

Assign each
object to the

most similar cluster
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Update the
mean value of each
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mean value of each

cluster

K = 2

Figure 1: Schematic diagram of K-means.
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In Equation (6), CK represents the sum of the distances
from other cluster centers to the cluster center I, andM rep-
resents the number of cluster centroids. The hired bee per-
forms a neighborhood search at its current location and
selects a nectar source as shown in

Vij = Xij + θij Xij − Xkj

À Á
,

Vij =
Xij fitness Vij

À Á
≤ fitness Xij

À Á
,

Vij fitness Vij

À Á
> fitness Xij

À Á
:

(
8>><
>>: ð7Þ

In Equation (7), V represents the velocity, θij is a random
number between [-1, 1], and j is not equal to k. The ability of
the swarm to obtain a higher quality honey source at a faster
convergence rate depends on the location update formula.
The existing artificial bee colony algorithm converges slowly
in the later stages, so a global bootstrap factor is introduced
and the new location update formula is shown in

Vij = xij + rij xlj − xkj
À Á

+ θ xbest,j − xij
À Á

: ð8Þ

In Equation (8), vij represents a new location near xij. l, k,
and j are random numbers obtained from a random formula,
k and l are both equal to or not equal to i and mutually exclu-
sive, xbest,j represents the current highest quality food source,
and rij is a random number between [-1,1] and θ ∈ [0,1].
The formula for calculating the probability when the full hired
bee search is complete is given in

pi =
fitnessnewI

∑N
i=1fitnessnewI

: ð9Þ

In Equation (9), pi represents the probability, and fitnessI
is the new fitness function value. The new location update for-
mula shows that when the optimal location in the population
is far from the location of the individual, the next iteration of
the individual’s search will increase the step size and approach
the global optimal location at a faster rate, and vice versa, con-
verge slowly. Commonly used external evaluation metrics for
clustering are shown in

Fa =
2PaRa

Pa + Ra
: ð10Þ

In Equation (10), Ra is the completeness rate, Pa is the
accuracy rate, andFa is the external evaluation index of clus-

ters. The weighted average of the F-measure of each category
a gives F, as shown in

F = ∑a Fa ⋅ aj j½ �
∑a aj j : ð11Þ

In Equation (11), jaj represents the number of all objects
in the classificationa. So the flow chart of the improved algo-
rithm is shown in Figure 2.

As can be seen from Figure 2, the improved algorithm
has eight basic steps. Firstly, the number of scout bees, fol-
lowers, and leaders is initialized, with equal numbers of fol-
lowers and leaders; secondly, the initial colony is clustered,
and the new fitness formula is used to derive fitness values,
which are arranged in descending order. Thirdly, the leader

Start

Initialization algorithm
parameters and food source

Pie leading bee field search

Clustering, assign each object to
the cluster with the shortest

euclidean distance

The following bee selects the
leading bee and searches in the

neighborhood

Search for a new honey
source and re initialize the

food source

Yes

Yes
No

No

Is there a
reconnaissance

bee

Cycle < MCN

Optimal clustering point
aggregation

The end

Figure 2: K-means clustering algorithm flow based on improved
bee colony algorithm.

Table 1: Comparison of bee colony optimization and K-means.

K-means Bee foraging behavior

Cluster center Honey source location

Convergence speed of clustering
algorithm

Search and foraging speed

Advantages and disadvantages
of clustering center

Honey source richness

Cluster centers with high fitness Rich food sources
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bees search the vicinity of the current location to obtain a
new food source and then choose whether to keep the new
food source based on the size of the fitness value compared
to the original food source. Step 4 is to calculate the proba-
bility of following the bee Pi. Step 5 is to perform a nearest
neighbor search after the following bee has selected the
leader bee. Step 6 is to obtain the cluster center relative to
the new food source after the nearest neighbor iteration
and perform K-means clustering on the population. Step 7
is to check if there are any unrenewed food sources
afterLimit iterations. Finally, depending on whether the
number of iterations satisfies the termination condition,
the algorithm is terminated algorithm or move to step 2.

3.2. Recommendation Algorithm Based on Improved
Clustering Model. Collaborative filtering recommendation
algorithm can filter information that cannot be automati-
cally analyzed by the machine and has the ability to rec-
ommend new information. It has gradually become one
of the most widely used and successful recommendation
algorithms in the recommendation system [20]. However,
collaborative filtering recommendation algorithms face
the problems of data sparsity and cold start. The sparsity
problem refers to the fact that users voluntarily give few
reviews, and the common reviews of the same item by dif-
ferent users are even more scarce, so it tends to have low
accuracy when calculating the similarity between items
and between users. The cold start problem refers to the
lack of historical evaluation data from users when new
users and new items enter the recommender system or
when a brand new system is just launched [21]. The prob-
lem of data sparsity is mainly compensated by filling in
other useful information, which is a way to build effective
models of user interests and item characteristics. Alterna-
tively, the scoring data can be preprocessed by machine
learning methods, such as matrix partitioning, matrix
decomposition, and clustering, on the basis of existing

data [22]. The cold-start problem then relies on the incor-
poration of trust relationships, background knowledge, and
demographic information when calculating similarity, the
integrated inclusion of item content information, and the
proposal of new similarity metrics. The improved swarm
K-means algorithm is therefore introduced into the collab-
orative filtering algorithm, where users are first clustered
according to swarm K-means; i.e., the historical behavioral
data of the initial user is analyzed and processed accord-
ingly to find the set of users with similarities to the inter-
est preferences of the user to be recommended. After
clustering, clusters are obtained, and each cluster has a
cluster center corresponding to it [23]. Then, the similarity
between the target user and other users is calculated, and
then, the recommendation list of the target user is formed
based on the rating information of the nearest neighbor
users. The principle of the algorithm is shown in Figure 3.

As can be seen from Figure 3, in the recommendation of
user U , user clustering is performed based on the user’s attri-
bute information to obtain k clusters, and when user U exists
in the class cluster j, the nearest neighbor set of T of U is
obtained in the class cluster j based on the user-item rating
matrix and calculated by similarity [24]. The similarity
between users is mainly expressed by the cosine angle
between user vectors, the magnitude of which is positively
related to the degree of user similarity. The formula for

(a)

(b)

(c)

(d) (e)

User information

Clustering

Calculate
similarity

User Ui1

User Ui2

User Ui3

User Uik

...

Class cluster 1

Class cluster 1

Class cluster 1

Class cluster k

...
Project Ii1

Project Iik

Project Ii2

Project Ii3

...
U1

Ui

Uj

Uk

...

...

... ...

...

...

Ij IkIiI1

Figure 3: Schematic diagram of collaborative filtering recommendation based on bee colony K-means clustering.

Table 2: Parameter setting.

Parameter Value

Neighborhood mean parameter 10

Number of cluster centers 10

Control parameters limit 100

Maximum iteration times of clustering model 20
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calculating the similarity between the two is given in

sim u, vð Þ = cos v! ⋅ u!
� �

= v! ⋅ u!

v!
  ⋅ u!

  = ∑n
i=1Rvi ⋅ Ruiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑n
i=1Rvi

2p
⋅

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i=1Rui
2p :

ð12Þ

In Equation (12), both u and v represent the representa-
tive user, u! represents the rating obtained by the user in the
un dimensional space, v! is the rating obtained by the user v
in the n dimensional space, and sim represents similarity.
Since the rating scales differ between users, the difference
in rating scales is compensated by introducing an average
user rating in the cosine similarity calculation, i.e., subtract-
ing the average user score on the item. The modified cosine
similarity formula is shown in

sim u, vð Þ = ∑i∈1 rvi − rvð Þ ⋅ rui − ruð Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑i∈1 rvi − rvð Þ2

q
⋅

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑i∈1 rui − ruð Þ2

q : ð13Þ

In Equation (13), rui represents the rating of user u on
item i. rv and ru represent the average of the ratings of all
items by user v and user u, respectively, i represents the ele-
ments in the item set, and i ∈ I. The items are then sorted in
descending order of similarity, and a certain group of similar
neighbors in the sort is selected together to form the set of
nearest neighbors of the target user u. The predicted ratings
of all items in the item set is shown in

Pu,j = ru +
∑v∈UND

sim v, uð Þ × rvj − rv
À Á

∑v∈UND
sim v, uð Þj j : ð14Þ

In Equation (14), UND represents the set of nearest
neighbors, Pu,j is the predicted score of user u on item j,
and simðu, vÞ is the similarity between user v and user u.
The predicted scores are then used to obtain a score table,
and recommendations are made based on the score table
to obtain a recommendation list. The performance of the
recommendation system is determined by the user’s satisfac-
tion level, which is also an indicator of the quality of the rec-
ommendation [25]. The most commonly used statistical
accuracy measure is the mean absolute error (MAE), as

shown in

MAE = ∑N
i=1 Pui −Quij j

N
: ð15Þ

In Equation (15), Pu is the predicted rating scale from
user u, Qu represents the actual rating scale, and N repre-
sents the number of test sets. The mean absolute error
(MAE) is a measure of the difference between the true
and predicted scores to measure the correctness. It is neg-
atively correlated with the quality of the recommendation;
i.e., a smaller MAE value means that the algorithm’s rec-
ommendation quality is better, and conversely, a larger
MAE value means that the algorithm’s recommendation
quality is worse.

A

CB

(a) Traditional fitness function

D

E F

(b) New fitness function

Figure 4: Clustering results of old and new fitness functions in the same data set.

Table 3: Comparison of MAE values between new and classical
fitness functions.

Number of nearest neighbors Fitnessnew Fitnessclassical
10 0.845 0.825

15 0.818 0.815

20 0.775 0.833

25 0.745 0.803

30 0.693 0.800

35 0.730 0.750

Average 0.767 0.804

Winning times 4 2

Table 4: Characteristics of four test functions of improved bee
colony algorithm.

Name Search interval Global minimum

Rosenbrock [-100,100] 0

Griewank [-600,600] 0

Rastrigin [-100,100] 0

Sphere [-100,100] 0
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4. Application Effect Analysis of Collaborative
Filtering Recommendation Algorithm Based
on Bee Colony K-Means Clustering

An experimental analysis of the improved collaborative fil-
tering recommendation algorithm was conducted. The con-
figuration environment of the experiment includes Intel (R)
Core (TM) i5-6200U CPU @ 2.30GHz 2.40GHz, 8.0GB
memory, 500G hard disk, Windows 10 64 bit operating sys-
tem. Development platform is PyCharm platform based on
Python 3.8.4. PyCharm is a powerful Python compiler. Its
greatest advantage is that it combines multiple libraries
(such as Matplotlib, pandas, and NumPy), which is simple
and convenient. The experimental dataset was obtained
from 90,000 ratings of 986 movies by 692 users on Douban,
and the ratings were integers within [1, 5], with a positive
correlation between the rating and the user’s liking; i.e., a
higher rating means that the user likes the movie more,
while a lower rating means that the user likes the movie less.
The specific parameters included in the experiment and the
settings are shown in Table 2.

The improved collaborative filtering recommendation
algorithm proposed in the study is based on the swarm K-
means clustering model. The strength of the new fitness

function directly affects the performance of the algorithm,
so the traditional fitness function is compared with the
new fitness function to test the performance of the improved
algorithm. The clustering results of both under the same
data set are shown in Figure 4.

In Figure 4, the larger asterisks represent the cluster cen-
ters, and points of the same shape are in the same class. From
Figure 4(a), it can be seen that the distance of sample points
within the class center is smaller, which achieves better intra-
class compactness, but the separation between classes does
not perform significantly, while the clustering results in
Figure 4(b) not only have better compactness but also better
separation, indicating that the overall performance of the
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Figure 5: Change of fitness iteration trend before and after improved bee colony algorithm.

Table 5: Parameter of improved ABC-K-means.

Name Value

Colony size 20

Number of clusters in Iris 3

Maximum iterations 100

Number of clusters in Balance-scale 3

Number of clusters in Glass 6

Maximum mining times 10
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new fitness function is better than that of the traditional fitness
function. The impact of both on the recommended results is
shown in Table 3.

As can be seen from Table 3, the number of wins for
the new fitness function and the traditional fitness func-
tion is 4 and 2, respectively, and the average MAE value
forFitnessnew is 0.767 and 0.804 for Fitnessclassical, indi-
cating that the new fitness function outperforms the tradi-
tional fitness function in terms of average value and
number of wins. The results indicate that the new fitness
function is able to improve the quality of recommenda-
tions. To further validate the performance of the improved
swarm algorithm, four commonly used test functions,
Griewank, Rastrigin, Sphere, and Rosenbrock, were tested.
The characteristics of the four test functions are shown in
Table 4.

In Table 4, Rastrigin and Griewank have similar charac-
teristics, both being multipeaked functions, Sphere is a mul-
tipeaked convex function, and Rosenbrock is a convex
function with consecutive single peaks. The global minimum
0 is obtained atxi = 0ði = 1, 2,⋯,nÞ for all four. The iterative
trends in fitness between the original swarm algorithm and
the improved algorithm on Rastrigin, Griewank, Rosen-
brock, and Sphere are shown in Figure 5.

From Figures 5(a) and 5(b), it can be seen that the iter-
ative search for the optimal value of the original swarm algo-
rithm has different degrees of slow convergence and local
extremes in all four test functions; from Figures 5(d) and
5(c), it can be seen that the original artificial swarm algo-
rithm requires a longer iteration time and more iterations
to reach the same local optimal solution than the improved
algorithm; and in Figure 5(d) and the fitness trend in
Figure 5(b), the accuracy and precision of the original artifi-
cial bee colony algorithm in searching for the optimal solu-
tion is poor and differs from the improved bee colony
algorithm in the optimal solution by multiple orders of mag-
nitude. The initialization process of the improved algorithm
is purposeful and introduces a global bootstrap factor, so its
convergence speed and search accuracy are significantly
higher than the original algorithm in the iterative search
for the optimal solution. The improved swarm K-means
algorithm was then tested for performance with the param-
eters set as shown in Table 5.

The number of datasets Iris, Balance-scale, and Glass
was 150, 625, 625, and 214, respectively; the number of attri-
butes was 4, 4, and 10, respectively; and the number of clas-
sifications was 3, 3, and 6, respectively. The convergence
trends of the fitness values of the improved swarm K-
means algorithm for 100 runs on the three datasets are
shown in Figure 6.

As can be seen in Figure 6, on the Iris, Glass, and
Balance-scale datasets, the magnitude of change in fitness
of the improved swarm K-means algorithm is smaller over
the course of the population iterations, and the new position
update formula enables the algorithm to dynamically adjust
the search step and gradually approximate towards the
global optimum. The algorithm jumps out of the local opti-
mum in 60 iterations on the Balance-scale dataset and
reaches a position with a higher fitness value. Therefore,

the algorithm is able to accurately obtain the global optimal
solution in a shorter time with fewer iterations required, fas-
ter convergence, and higher stability for both the dataset
Glass with a large attribute dimensionality and the dataset
Balance-scale with a larger sample size. To verify the better
recommendation quality of the collaborative filtering recom-
mendation algorithm proposed in the study, it is compared
with the user-based recommendation algorithm [26], the
user-based clustering algorithm [27], and the ICCFRA algo-
rithm [28]. Firstly, 560 users in the dataset were selected to
form the training set and 321 to form the test set, and differ-
ent numbers of nearest neighbors were set. The MAE results
of the four recommendation algorithms are shown in
Table 6.

In Table 6, “Number” represents the number of nearest
neighbors. From Table 6, the MAE values of the algorithm
proposed in the study are smaller than those of the user-
based clustering algorithm and the user recommendation
algorithm, and the MAE values of the ICCFRA algorithm
gradually exceed the algorithm as the number of nearest
neighbors increases. Therefore, the algorithm’s recommen-
dation results are more reliable, and the accuracy of the algo-
rithm is more reliable when the amount of data increases. To
verify the running efficiency of this algorithm, the running
time of the algorithm was compared with the other three
algorithms, and the running time of all four is shown in
Figure 7.

As can be seen from Figure 7, the user-based recommen-
dation algorithm takes significantly more time than the
improved algorithm, with the highest at 150 seconds when
the number of nearest neighbors is 30. The difference in run-
ning time between the collaborative filtering algorithm based
on user clustering and the improved algorithm is smaller,
with the highest time of the improved algorithm being 50
seconds. This is due to the fact that the improved algorithm

14

12

10

8

6

4

2

0

0 20 40 60 80 100

Fi
tn

es
s

Cycles

Glass
Iris
Balance-scale

Figure 6: Convergence trend of fitness values of improved bee
colony K-means algorithm on three data sets.
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first clusters users and then builds user clusters, largely
reducing the space for searching nearest neighbors. It
improves the quality of recommendations as well as ensures
operational efficiency.

5. Conclusion

Collaborative filtering recommendation algorithm is the
most widely used and successful recommendation algo-
rithm in the recommendation system, but its recommen-
dation efficiency and quality are low at present.
Therefore, an improved bee colony K-means clustering
model is established and applied to the collaborative filter-
ing recommendation algorithm to optimize the recom-
mendation system. The experimental results show that
under the same data set, the MAE value of the new fitness
function is 0.767 on average, while that of the traditional
fitness function is 0.804. In the four commonly used test
functions Rosenbrock, Griewank, Rastrigin, and Sphere,
the improved algorithm can obtain the same local optimal

solution in a shorter iteration time and fewer iterations. In
the iterative optimization process, the improved algorithm
has higher convergence speed and search accuracy than
the original algorithm. The MAE value of user clustering
algorithm and user recommendation algorithm is larger
than that of the improved algorithm, and the accuracy of
the algorithm is more reliable when the number of nearest
neighbors increases. In terms of running time, the
improved algorithm has a maximum time of 50 seconds
and has higher running efficiency. However, the user data
included in the study is still relatively small, and more
abundant information data is needed to determine the
number of nearest neighbors.

Data Availability

The datasets used and/or analyzed during the current study
are available from the corresponding author on reasonable
request.
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Figure 7: Running time comparison between collaborative filtering recommendation algorithm based on bee colony K-means clustering
and other algorithms.

Table 6: Comparison of MAE results between the collaborative filtering recommendation algorithm based on bee colony K-means
clustering and other three algorithms.

Number
algorithm

User recommendation-based
algorithm

User-based clustering
algorithm

ICCFRA
Improved collaborative filtering
recommendation algorithm

10 0.866 0.892 0.792 0.844

15 0.822 0.882 0.782 0.818

20 0.786 0.877 0.764 0.777

25 0.767 0.862 0.762 0.747

30 0.762 0.857 0.761 0.695

35 0.761 0.842 0.762 0.732
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