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Abstract: An improved Hybrid Collaborative Filtering algorithm (H-CF) is proposed, addressing the issues of data sparsity, low recom-
mendation accuracy, and poor scalability present in traditional collaborative filtering algorithms. The core of H-CF is a linear weighted hy-
brid algorithm based on the Latent Factor Model (LFM) and the Improved Item Clustering and Similarity Calculation Collaborative Filter-
ing Algorithm (ITCSCF). To begin with, the items are clustered based on their attribute dimension, which accelerates the computation of
the nearest neighbor set. Subsequently, H-CF enhances the formula for scoring similarity by penalizing popular items and optimizing un-
popular items. This improvement enhances the rationality of scoring similarity and reduces the impact of data sparseness. Furthermore, a
weighting function is employed to combine the various improved algorithms. The balance factor of the weighting function is dynamically
adjusted to attain the optimal recommendation list. To address the real-time and scalability concerns, the algorithm leverages the Spark big
data distributed cluster computing framework. Experiments were conducted using the public dataset MovieLens, where the improved algo-
rithm’s performance was compared against the algorithm before enhancement and the algorithm running on a single machine. The experi-
mental results demonstrate that the improved algorithm outperforms in terms of data sparsity, recommendation personalization, accuracy,
recall, and efficiency.

Key words: recommendation algorithm; collaborative filtering; latent factor model; score weighting; item clustering; spark; similarity cal-
culation
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0 Introduction often have to invest significant time and effort in filter-
ing the content they are interested in. To address this is-

With the rapid development of Internet information sue of information overload", the recommendation algo-
technology, people have entered the era of big data, lead- rithm emerged”. Serving as a novel form of implicit in-
ing to an explosive growth of data information. Faced formation service, the recommendation algorithm has
with this vast amount of information resources, people found extensive application in the Internet industry,
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yielding favorable outcomes in e-commerce, short video
platforms, and other domains. Furthermore, it substan-
tially reduces the cost of user information retrieval.
Among the recommendation algorithms, the collab-
orative filtering algorithm is widely used™, and it can be
categorized into project-based collaborative filtering!,
user-based collaborative filtering™, and model-based col-
laborative filtering'®. The fundamental concept of this al-
gorithm is to calculate user similarity or project similar-
ity solely based on user’s interactive behavior data with-
out extracting project characteristics. This allows us to
recommend content that might be of interest to users.
However, traditional collaborative filtering also has
some shortcomings, such as data sparsity, low accuracy,
lack of timeliness, and scalability issues™. Numerous
scholars have conducted extensive research on recom-
mendation algorithms and systems. Liu ef al proposed
a multi-factor weight collaborative filtering recommen-
dation algorithm. They introduced time data and penalty
factors into the similarity coefficient, resulting in a new
similarity calculation method. Moreover, by considering
the dynamic changes in interest factors, the recommen-
dation accuracy has significantly improved. Nonethe-
less, this approach suffers from high calculation com-
plexity and unclear effectiveness when dealing with
sparse data. Tao et al” proposed a recommendation algo-
rithm based on grey correlation clustering, which em-
ploys grey correlation degree to determine user similar-
ity. This method guarantees recommendation quality in
high sparse dimensions but can only handle datasets
with internal correlations between users and projects.
Other approaches, like Kullback-Leibler (KL) -based
Similarity Measure (KLCF)"", incorporate item similar-
ity weight into the user similarity formula, enhancing the
accuracy of similarity to some extent. However, this in-
volves a substantial number of Cartesian products, lead-
ing to high calculation costs. Zhang et al'""’ proposed an
explicit implicit feedback algorithm with a similarity
weighting strategy, which effectively improved the rec-
ommendation accuracy based on the differential privacy
index. However, it failed to improve accuracy when the
dataset was sparse. Most of the mentioned references fo-
cus on enhancing recommendation accuracy by improv-
ing similarity, but they only address a single direction,
neglecting the simultaneous problems of low accuracy
and data sparsity. Furthermore, with the exponential
growth of data volume, the previous stand-alone recom-
mendation models struggle to handle large-scale data

recommendation calculations. The processing efficiency
of stand-alone computing is low, resulting in poor scal-
ability and extended real-time recommendation process-
ing.

To address the issues of data sparsity, low accuracy,
and poor scalability in traditional collaborative filtering
algorithms, we propose an enhanced Hybrid Collabora-
tive Filtering algorithm (H-CF). This algorithm incorpo-
rates several improvements. Firstly, we cluster item attri-
butes to accelerate the calculation time of nearest neigh-
bor sets. Secondly, we enhance the formula for scoring
similarity calculation to increase the similarity between
items and the actual values, thereby reducing the impact
of data sparsity and enhancing the accuracy of recom-
mendations. Thirdly, the two improved algorithms are
combined with linear weights using a balance factor, al-
lowing us to fully explore users’ personalization and po-
tential preferences in order to obtain the optimal recom-
mendation list. Finally, we leverage the advantages of
Spark distributed computing and algorithmic clustering
techniques to enhance the scalability of the recommenda-
tion system and the responsiveness of the algorithm.

1 Collaborative Filtering Algorithm

1.1 Alternative Least Squares(ALS) Algorithm
Based on Latent Factor Model(LFM)

LFM" is a type of matrix factorization, belonging
to the realm of machine learning algorithms. It incorpo-
rates latent factors to establish the relationship between
user interests and items. The fundamental idea of this
model lies in breaking down the high-dimensional data
matrix of user ratings on items. To tackle this problem,
the key algorithm employed is the ALS algorithm,
which involves three main stages. Firstly, the user-item
rating matrix is constructed. Then, the rating matrix is
decomposed into the product of two low-rank matrices.
Finally, ratings are predicted and recommendations are
made. The calculation process is as follows.

1) Build user item rating matrix: Build a rating ma-
trix R,

As shown in Fig. 1, where R,, represents user u in-

ui
terest score for item i, there are m rows and »n columns.
Since it is not necessary that each user rates all items,
R, is often a sparse matrix.

2) ALS matrix dimension reduction calculation: For

the matrix R,,, find the product R of two low-rank matri-

mnd

ces X, and Y, to be approximate, where X, is the user’s
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Fig. 1 LFM principle user item rating representation diagram

implicit preference matrix for the item, ¥, is the implicit
feature matrix contained in the item, f is the number of
hidden class features, and f <min(m, n). The formula is
as follows:
ﬁmn:ng. an (1)
In order to make the product R as close as possible
toR,,
used. And to prevent overfitting, a regularization term is
added:

min C(X, V)= (=X -y, ¥ +4 > x, |

a loss function that minimizes the squared error is

EY FA e

Among them, x, is the implicit feature vector of
user u preference for the item, y; is the implicit feature
vector of item i, r,, is the actual rating of the i-th item by

> Dui

the u-th user, x -y, is the approximate score of the item
of user u, and iz” X,

) z" y; Hz is the regularization

term, where the regularization coefficient 4 can be ob-
tained by cross-validation.

Because there is a double variable x, and y, in for-
mula (2), there exists a coupling, so we use the ALS al-
ternating least squares method to solve it. Fixing X, find-
ing the partial derivative of y, by the loss function C(X,
Y) and setting the partial derivative equal to 0, we can

get:
%ﬁfm =-2X,, r+2X, X,y +2ly,=0 3)

yi = (Xm/XnT/_i_ AE)il an/'ri (4)
In the same way, fixing Y and taking the partial de-
rivative of x,

us

we can get:
xu:(Y'/nY/:—i_/lE)_lYf ru (5)

The equations (4) and (5) are calculated repeatedly

n

in sequence, and the root mean square error (RMSE)!"!
is introduced as the condition parameter for terminating
the iteration.

3) Prediction score: Convergence of the result can
be determined when the RMSE value experiences slight
fluctuations and reaches a certain level of accuracy, or
when the maximum number of iterations is reached. For
prediction and scoring, it is recommended to use the fi-

nal training result matrix following formula (6).
Pals:R:XTY (6)

1.2 Item-Based Collaborative Filtering
Algorithm

The Item-Based Collaborative Filtering algorithm
(Item CF) is based on the similarity of user ratings of
items and recommends items using the nearest neighbor
set as a reference. It suggests items similar to the ones
the user has previously liked. The dataset used is the
user-item rating data. Referring to the R, rating matrix
in Fig. 1, where R, represents the user u’s interest score
for item i. Since each user has only rated a subset of
items, the matrix is sparse. The implementation process
of the algorithm is divided into two stages. Firstly, the
similarity between items is calculated to obtain the near-
est neighbor set. Subsequently, scores are predicted and
recommendations are made accordingly. The procedure
is as follows:

1) Similarity calculation: The similarity calculation
constitutes the most crucial component of the algorithm.
Its primary objective is to characterize the similarity be-
tween items and derive the nearest neighbor set, a piv-
otal factor in enhancing recommendation accuracy. To
achieve this, a modified cosine similarity is employed
for the computation. This choice is made due to the
variation in score scales among individual users, necessi-
tating score normalization to eliminate the user dimen-
sion. The formula is as follows:

> (R,— R)R,~R,)

sim(i, )= ————— — (7
\/ z (Rui_ Ru)z z (Rllj_ Ru)z
ueU; ueU;

Among them, the larger the sim(i,j), the higher the
similarity between items i and j. The set U,; describes
the user who has evaluated i and j at the same time, R,
describes the user u rating for item i, R, describes the av-
erage rating of all rated items for user u.

2) Predicted score: The score is calculated based on
the similarity between the user’s unrated items and the
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items in the nearest neighbor set. The scoring model for-
mula is as follows:

> simG@)(R,~ R,)
P,=P(u,i)=R, + =~ —
> sim(, )

JeN,

®)

where P(u, i) represents the predicted score of item i by
user u, N, represents the top n neighbors with the largest
similarity to item 7, and R, represents the mean score of
item i.

2 Improved Hybrid Collaborative
Filtering(H-CF) Algorithm

Data sparsity, accuracy, and scalability have consis-
tently been the most prominent issues in recommenda-
tion algorithms. Traditional single collaborative filtering
algorithms are unable to comprehensively address these
problems, nor can they enhance individual performance
unilaterally. To address these limitations, this paper intro-
duces an enhanced H-CF algorithm that effectively com-
pensates for these shortcomings. The key components of
the proposed approach include item clustering based on
the traditional Item CF algorithm, enhancement of scor-
ing similarity, and linear weighted fusion of the im-
proved algorithm.

2.1 Improved Collaborative Filtering Algorithm
Based on Iltem CF

To reduce the impact of data sparsity and computa-
tional complexity, an enhancement of the traditional
Item CF algorithm has been designed. It is named the
Improved Item Clustering and Similarity Calculation
Collaborative Filtering Algorithm (ITCSCF). This algo-
rithm is also a sub-algorithm within the final hybrid col-
laborative filtering algorithm. Firstly, items are clustered
based on their attributes using clustering techniques,
which narrows the search scope of the nearest neighbor
set, reducing the complexity of similarity calculations.
Then, the formula for rating simi-larity calculation is im-
proved. Given the different interests of users in popular
and unpopular items when data is sparse, a penalty is ap-
plied to popular items, and parameters for unpopular
items are optimized, reducing the impact of data sparsity
and enhancing the accuracy of similarity.

2.1.1 Item clustering

Item CF needs to traverse the entire item data set
when finding the nearest neighbor of the target item. For
matrix data with m rows and n columns, the time com-

plexity of the traditional collaborative filtering algorithm
is O(n*m*m)"Y. To mitigate the impact of data sparsity
and reduce computational complexity, items can be
scored and clustered. The approach involves selecting M
points from the items as the initial cluster centers, then
traversing the similarity between all items and the center
points. Items with the highest similarity are assigned to
their corresponding clusters. Next, the average value in
each cluster is calculated and used to update the current
cluster center.

This process is iterated repeatedly until the center
point remains unchanged. As a result, the neighborhood
calculation is reduced from the entire item space to sev-
eral clusters, significantly reducing computational com-
plexity. The time complexity after clustering is
O(m*k*t), where m represents the number of data points,
k represents the number of class center points, and ¢ rep-
resents the number of cyclic iterations. The clustering al-
gorithm is presented as follows:

Clustering algorithm

Input: Scored item set UIDB and number of clusters M
Output: M cluster classes
Begin

Step 1: Select the M starting cluster center points, traverse the
UIDB of the item set, calculate the number of ratings S of each
item i, sort the S of all items, and take the first M items with the
largest S value as the starting cluster class , the cluster center set is
recorded as C={c,,c,, "
located is recorded as U ~={C,,C,,"--,C, }.

Step 2: Traverse and calculate the cosine similarity sim(i, c;) of

,c,}; the cluster set where the center is

all items i and the cluster center point c;.

Step 3: Divide each item i into the cluster set C, where the
center with the highest similarity is located, and calculate the
average value of the clusters as the latest cluster center point.

Step 4: Repeat the above steps above the loop until the position
of each center point remains unchanged, end, and return the result.

End

Item clustering involves grouping similar items into
the same cluster. When computing the nearest neighbor
set, user only need to select the first few clusters that ex-
hibit the highest similarity to the target item, and then
perform the search within those clusters. This approach
significantly reduces computational complexity and en-
hances the efficiency of the algorithm. Additionally, uti-
lizing cosine similarity calculation in clustering helps
mitigate the issue of "similarity not being the same",
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which can arise due to variations in individual attributes.
2.1.2  Improved scoring similarity calculation formula

At the heart of the collaborative filtering algorithm
lies the similarity calculation, and its accuracy directly
impacts the quality of recommendations. The varying de-
grees of user interest in popular and unpopular items can
influence the precision of similarity calculation. To ad-
dress this, this paper introduces two enhancements to the
similarity calculation formula. The details are as follows:

1) Tuning of unpopular projects

In formula (7), the user set U,, which contains
scores for two items i and j simultaneously, is used to
calculate the similarity. However, when the data is
sparse, the number of users who provide joint scores in
U, will be very small, leading to significant deviations in
the similarity calculation. For example, when there is
only one user in U, the result of calculating the similar-
ity is 100%. No matter whether the two items are similar
or not, they will be selected into the N, set, which di-
rectly interferes with the calculation accuracy of P(u,i).
In order to solve this problem, multiply a g(x) weight
function on the basis of the above formula. g(x) is an in-
creasing function of x, and it converges with the growth
of x, because only convergence can ensure that the calcu-
lation result of the similarity after weighting has the
least interference, and the calculation accuracy of P(u,i)
is the highest. To sum up, choose g(x)=Ig(1+x), and the
improved formula is as follows:

> (R,— R)R,-R,)

e

/ S R,-R)y S (R,~ R,y

ueU; ueU;

SIM(, /)er = 1g (1 +x) ©)

where x represents the number of public users in U,.
When x is very small, a small weight is added to the
similarity calculation to ensure it is not heavily influ-
enced by the N, set. In the rare event it is included, its
impact on the accuracy of P(u,i) calculation will be mini-
mal. Therefore, by multiplying with g(x), the resulting
similarity value will be closer to the actual similarity.

2) Popular item punishment

In formula (7), if item j is extremely popular and re-
ceives ratings from numerous users, then every other
item will appear very similar to the popular item. This,
in turn, can significantly influence the ratings of less
popular items. To mitigate this issue, we apply a penalty
to reduce the impact on the similarity calculation. The
following formula:

U,
U x|U|
> PP,(R,— R)R,-R,)

SIM(i, /) =18 (1 +3)% /Z =5 —
(Rui_ Rll)2 (Rllj_ Ru)z

uelU; ueU;

PP,= (10)

(11
where PP, is the penalty for popular item j, |U, | is the
number of users who have rated items 7 and j at the same
time, |U] is the number of users who have rated item 7,
and |U| is the number of users who have rated popular
item j. The penalty PP, is taken into the calculation when
calculate the item similarity, as shown in formula (11).

2.2 Hybrid Collaborative Filtering Algorithm
Based on ITCSCF and LFM

To fully leverage user personalization and enhance
recommendation accuracy, the H-CF algorithm proposed
in this paper primarily utilizes ITCSCF and LFM to ap-
ply linear weighting of scores. Specifically, the cluster-
ing technology employed in the ITCSCF algorithm re-
duces computational complexity and significantly im-
proves the recommendation response rate. Additionally,
the enhanced similarity calculation effectively mitigates
the impact of data sparsity, resulting in improved recom-
mendation accuracy. To accommodate the diverse prefer-
ences of individual users, the algorithm maximizes the
potential of ITCSCF personalization and LFM prefer-
ences by linearly combining the scores from both algo-
rithms. This approach enhances the accuracy of predic-
tion score calculations and increases the interpretability
of recommendations. Moreover, the algorithm takes ad-
vantage of Spark’s big data distributed computing and
storage capabilities to address scalability issues faced by
traditional recommendation methods. Building upon
clustering, it further enhances data processing capabili-
ties and reduces computing time. The algorithm flow is
depicted in Fig. 2.

The final recommendation result is the hybrid
weighted prediction score based on ITCSCF and ALS in
the LFM, and the score expression is shown in equation
(12).

P, s=axP +LXP.,0+p=1 (12)
where P, represents the prediction score of the hybrid
recommendation algorithm, P, represents the prediction
score of the ALS algorithm, a is the P,

als

als

weighted bal-

ance factor, P,,, represents the improved ITCSCF algo-

item

rithm prediction score, and S is the P,

item

weighted bal-
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Improved Scoring weight
ftem | | Gimilarity |»| ITCSCF ik
clustering formula

Scoring weight a )

Spark big data platform
model training
(Dynamically adjust the
weight value)

Improved Hybrid
Collaborative
Filtering (H-CF)

ALS of LFM

Fig. 2 A hybrid collaborative filtering algorithm model based on ITCSCF and LFM

ance factor.

In regard to weight values, cross-validation is em-
ployed to train the model and capture variations among
sub-algorithms in diverse environments. This approach
dynamically adjusts the weights and employs iterative
weighted regression calculations, where data to be pre-
dicted is sequentially fed into the regression model dur-
ing each iteration. The tag value is continuously updated
until the pre-defined target value is achieved"”.

3 Spark Big Data Distributed
Implementation

3.1 Spark Big Data Distributed Computing
Platform

Spark¥ is a parallel distributed computing frame-
work based on Resilient Distributed Datasets (RDD). Its
most prominent feature is the in-memory computing ca-
pability of RDD, which stores intermediate data gener-
ated during the calculation process in memory, effec-
tively reducing disk I/O overhead. As a result, Spark is
particularly well-suited for iterative data processing, and
its distributed approach represents the optimal means to
enhance system scalability. The Spark framework struc-
ture is illustrated in Fig. 3.

The Driver Program serves as a task control node
responsible for processing user code logic. The Cluster
Manager is in charge of managing cluster resources,

Worker Node
Executor

Spark Cluster

Driver Program
Cluster

Manager

SparkContext

Worker Node

Executor

Fig. 3 Spark framework

scheduling tasks and monitoring their progress. The
Worker Node functions as a computing node within the
cluster, capable of executing tasks concurrently using
multiple threads, which constitutes one of its key advan-
tages. The Executor is tasked with executing individual
tasks, while the Task represents a computing sub-unit
within a node. Upon task execution, the Driver requests
resources from the Cluster Manager and delegates them
to the Executor for processing. Once the execution is
completed, the resulting data is returned to the Driver.

3.2 Algorithm Distributed Implementation

Different from the traditional recommendation algo-
rithms, the H-CF algorithm adopts the Spark big data
distributed framework, deploying computing and data
storage across multiple servers. It leverages Spark’s in-
memory computing and distributed multi-threading capa-
bilities, which enable maximum computational -effi-
ciency for both model training and offline computing.
This framework offers two key advantages: 1) All opera-
tions are based on RDD in-memory computing, making
it highly suitable for a large number of iterative recom-
mendation algorithms and significantly accelerating
computing efficiency; 2) The Spark framework supports
various distributed structures, including concurrent com-
puting, real-time stream processing, and data storage, ef-
fectively enhancing the scalability of recommender sys-
tems. The distributed flow of the algorithm is illustrated
in Fig. 4.

Initially, data is gathered from distributed data
sources, and items undergo pre-classification through
clustering, thereby reducing the computational require-
ments of the nearest neighbor set. Next, by taking into
account the popularity of items and data sparsity, an en-
hanced cosine similarity measure denoted as sim is em-
ployed to determine the similarity between items. Vari-
ous sub-algorithms are then distributed to compute the
predicted scores, resulting in individual temporary score
lists. Ultimately, weight parameters are calculated
through iterative regression to obtain the optimal recom-
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Fig. 4 Distributed computing process of H-CF algorithm on Spark platform
mendation list, which is subsequently stored in the dis- actual value. The formula is as follows:
tributed database. S 1 & - 3
RMSE= |— »(R-R
N 2R (13)

4 Experiments and Results
Analysis

4.1 Experimental Dataset

The experiment utilizes the MovieLens!"” public da-
taset provided by Grouplens to evaluate the algorithm.
The dataset comprises three main scales: 100 KB, 1 MB,
and 10 MB, representing 100 000, 1 000 000, and
10 000 000 ratings, respectively. The dataset contains
user information, movie information, and user ratings
for each movie item. The ratings range from 1 to 5,
where higher values indicate a greater level of user inter-
est in the respective item.

4.2 Experimental Environment

The experimental system is deployed on 5 Spark
distributed clusters, of which 1 is the master node and
the other 4 are slave nodes. The hardware configuration
is as follows: CentOS7.6; Intel Xeon E5-2650 v3 CPU
2.3GHz; 32G memory. The experimental software ver-
sions are as follows: Java JDK 1.8.0.4; Spark 2.1; Zoo-
keeper 3.4 (cluster management).

4.3 Evaluation Standard

1) RMSE

To assess the accuracy of the algorithm, the RMSE
is utilized for evaluation. The concept involves calculat-
ing the difference between the predicted score generated
by the algorithm and the actual score. The smaller the de-
viation value, the more accurate the recommendation.

Here, R represents the predicted value, and R denotes the

2) Recall rate and accuracy rate

The evaluation of algorithm recommendation qual-
ity and personalization is typically done using recall and
precision. The recall rate measures the proportion of the
user’s interested items in the recommendation list out of
all the user’s interested items in the system. The preci-
sion rate, on the other hand, measures the proportion of
items in the recommendation list that users are interested
in, out of all the items recommended to users. It is worth
noting that recall rate and precision rate are often in-
versely correlated. The formula is as follows:

> [R@) T(w) > [R@) T(w)

uelU uelU (14)

recall — ’ P recision —
DY (. > IR(w)
ueU

uelU

R

is the
accuracy rate, R(u) is the list of recommended items that

Among them, R, is the recall rate, P, o
the user has evaluated and interacted with in the training
set, and 7(u) is the list of items that the user has evalu-
ated and interacted with in the test set.

4.4 Experimental Results and Analysis

To assess the performance of the H-CF algorithm,
we will conduct experiments on the algorithm from vari-
ous perspectives.

Experiment 1: The impact of weighted balance fac-
tor a on different data sparsity levels. The value of the
weighted balance factor a plays a crucial role in achiev-
ing the best comprehensive prediction score for the
H-CF algorithm. In this experiment, a 1 MB dataset is
taken as a sample, and three levels of data sparsity are
selected for both training and testing. The ratios of the
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training set to the test set are 9:1, 7:3, and 5:5, respec-
tively. By controlling other variables, we compare the ef-
fects of different a values on RMSE value, and the re-
sults are depicted in Fig. 5.

—8&—90% Sparsity ——70% Sparsity 50% Sparsity
0970 A

£ 0.970
0‘?64 0.963 - 0.968
0.962 »

: 0.955
0.953 0.952 0.954
954 F A
0954178~ 0951 " 049

RMSE
4

—e 0. s
0.950 e 0.946
0.946 F 0949 & — g 0.943
0.947 .0.943 0.940 "

0942 e, e
0938 0940222647 %59

1
~.0930_-%
gosoli_ 111y 998N 0934,

00 02 03 04 05 06 07 08 09
a

Fig. 5 Effect of different data sparsity balance factor on
RMSE

The experimental results indicate that a significant
enhancement in the recommendation accuracy of the
H-CF algorithm can be achieved by increasing the Pals
scoring weight of the LFM when the density of scoring
data is high. Similarly, in sparse data scenarios, elevat-
ing the Pitem score weight of the ITCSCF algorithm can
effectively address accuracy issues.

Experiment 2: A comparison between the H-CF Al-
gorithm and traditional algorithms. To assess the recom-
mendation accuracy of the H-CF algorithm, we com-
pared the RMSE values of its predicted scores with
those of several other classical algorithms. During the
experiment, we utilized the optimal parameters for each
algorithm within this specific environment. For testing
purposes, we employed a 1 MB data sample to uni-
formly select various proportions for both the training
set and test set, resulting in different levels of data spar-
sity. The outcomes of this comparison are depicted in
Fig. 6.

The experimental results indicate that the enhanced
H-CF algorithm outperforms the Item CF and LFM algo-
rithms by 8.7% and 7.6% in terms of RMSE values
when considering a 5:5 ratio and sparse data. Moreover,
at a 9:1 ratio, the H-CF algorithm exhibits an improve-
ment of 6.3% and 2.8% over the RMSE values of the
other two algorithms. A lower RMSE value corresponds
to higher recommendation accuracy, and the H-CF algo-
rithm consistently achieves a lower RMSE value across
various data volume ratios, highlighting its superior per-

—&—Item CF—&—ALS of LFM —e—H-CF

1.04r +1.036
. 1.019
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Fig. 6 Comparison of root mean square error between H-CF
algorithm and traditional algorithm

formance in both recommendation accuracy and data
sparsity.

Experiment 3: The variations in the recommended
recall rate and accuracy rate of the H-CF algorithm were
examined under different data scales. The results are de-
picted in Fig. 7.
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Fig. 7 Changes in precision and recall

The experimental results indicate that as the data
scale increases, the accuracy of recommendations also
improves, but the recall rate decreases. This observation
suggests that, under unchanged conditions, a higher den-
sity of high-rated data corresponds to a greater user inter-
est in popular items, resulting in more accurate recom-
mendations but lower item novelty. These factors exhibit
an inverse relationship.

Experiment 4: Algorithm execution time-
consuming test, in which the enhanced H-CF algorithm
is deployed on 5 Spark clusters and 1 stand-alone ma-
chine, respectively, and their respective running times
are compared. The experimental training set to test set
ratio is set at 9: 1, and the data scale is gradually in-
creased for testing purposes. The results are presented in
Fig. 8.

As shown in Fig. 8, the operation efficiency is sig-
nificantly improved under the Spark cluster compared to

stand-alone operation. As the data scale increases, the
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gap in uptime between them also grows. There are two
main reasons: 1) The clustering algorithm processing in
the early stage reduces the time complexity from O
(n*m*m) to O(m*k*f), thus saving iteration time; 2)
Communication and data transmission between Spark
cluster nodes consume running time. While the differ-
ence is negligible when the data scale is small, it signifi-
cantly accelerates the computing efficiency when deal-
ing with large-scale data. Moreover, the improved algo-
rithm’s scalability is greatly enhanced by the combina-
tion of the algorithm and the Spark cluster, surpassing
the traditional algorithm in this aspect.
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Fig. 8 Comparison of computing time between single
machine and Spark cluster under different data scales

5 Conclusion

An improved H-CF algorithm has been proposed to
address the issues of data sparsity, low accuracy, and
poor scalability faced by traditional collaborative filter-
ing algorithms. This enhanced approach can be summa-
rized in three key aspects: 1) Building upon the founda-
tion of the traditional Item CF algorithm, we cluster item
attributes, which significantly reduces the calculation
time of the nearest neighbor set; 2) Leveraging the cold
and hot characteristics of the item formula, we enhance
the score similarity calculation within the item CF algo-
rithm. By doing so, we mitigate the impact of data spar-
sity and bring the similarity between items closer to their
actual values; 3) By skillfully combining the newly de-
vised ITCSCF algorithm and the LFM, we apply linear
weighting, effectively leveraging their individual
strengths in personalization and potential preferences.
Moreover, we dynamically adjust the balance factor to
obtain the optimal recommendation list. These improve-
ments collectively contribute to tackling data sparsity,

enhancing accuracy, and boosting the scalability of the

collaborative filtering process.

The experimental results demonstrate that the en-
hanced hybrid collaborative filtering algorithm achieves
higher recommendation accuracy, improved personaliza-
tion, and enhanced computational efficiency compared
to the conventional Item CF algorithm and LFM model
algorithm under identical conditions. Moreover, leverag-
ing the advantages of the Spark distributed platform and
algorithm clustering technology, data sparsity and scal-
ability have been noticeably enhanced. Nevertheless, it
should be noted that the algorithm ’s clustering and
weighted balance factor parameters are crucial factors in-
fluencing the recommendation accuracy. For this reason,
these parameters will be subjected to thorough testing
and fine-tuning in future experiments and research en-
deavors.
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