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Abstract: Personalised short video push on social media platforms can help
enterprises improve user experience, competitiveness, and marketing
effectiveness. This article proposes a personalised short video push method on
social media platforms based on affinity propagation clustering. By
determining the attractiveness, belonging, and reference between data points,
the optimal clustering centre of the affinity propagation clustering algorithm is
selected to achieve user behaviour data collection. Based on the data collection
results, Markov matrix is used to extract user sentiment labels, combined with
sentiment labels and XGBoost model to predict user personalised preferences.
The i Expand algorithm is used to determine user interest vectors and generate
recommendation lists, achieving personalised short video push on social media
platforms. The experimental results show that the maximum push accuracy of
this method is 97%, the maximum time consumption is 97.4 ms, and the
maximum satisfaction with push results is 98.6.

Keywords: affinity propagation clustering; social media platforms; short video;
personalised; push; sentiment labels; XGBoost model; i Expand algorithm.
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1 Introduction

With the rapid development of the internet, more and more people are starting to use
social media platforms to watch short videos. However, due to the excessive content of
short videos, users often need to spend a lot of time searching for their favourite content.
Therefore, social media platforms are exploring a more efficient way to provide users
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with short video content that is more in line with their interests and hobbies through
personalised recommendation algorithms (Almeida et al., 2022). Personalised short video
push on social media platforms refers to the ability to recommend short video content that
best suits users’ preferences by analysing their browsing history, interests, and other data.
This personalised push model also provides more opportunities for content creators to
attract more user attention and fans through high-quality content, thereby gaining more
exposure and revenue (Cai et al., 2021). However, there are also some issues with
personalised push, such as the possibility of users becoming addicted to certain types of
content and lacking diversity. Therefore, it is necessary to maintain rationality and
objectivity while enjoying personalised push, and enrich one’s perspective (Su et al.,
2021). In short, the research significance of personalised short video push on social
media platforms lies in improving user browsing efficiency and satisfaction, bringing
more exposure opportunities to content creators, and providing users with short video
content that suits their taste through analysis and processing of user data, thereby
improving user experience and satisfaction, and promoting the application of artificial
intelligence technology in the field of the internet. Therefore, researching a new
personalised short video push method on social media platforms has important research
significance.

Zhu et al. (2021) proposed a personalised push method for short videos on social
media platforms based on bullet screen emotion analysis and topic model. Firstly,
conduct in-depth mining and clustering of short video barrage comments on social media
platforms, and use knowledge graph methods to determine the user sentiment vector of
short videos, thereby determining the emotional similarity of different short videos.
Secondly, the topic model is constructed based on short video tags to determine the
emotional similarity between different short videos. The emotional similarity and
emotional similarity analysis results are deeply fused to determine the comprehensive
similarity coefficient between different short videos. Finally, based on the historical
browsing data of users, personal preferences of users are determined, and their
comprehensive recognition of short videos is determined. Combined with relevant
analysis results, a personalised push list is generated to achieve personalised short video
push on social media platforms. However, in testing, it was found that due to the
difficulty in using relevant data to determine emotional similarity, the problem of low
push accuracy has arisen, making it difficult to widely apply in practice. Gu et al. (2021)
proposed a personalised short video push method for social media platforms based on
autoencoder and multimodal data fusion. This method utilises data mining technology to
obtain historical browsing data of social media platform users, and integrates multimodal
data for processing. Using word bags and TF-IDF methods to describe comment and
comment data, text data features are obtained. Deep convolutional neural networks are
used to multimodally describe video documents, and self encoders are used to determine
user personalised features. Relevant push lists are generated, and appropriate social
media platform short videos are pushed to users based on user personalised features.
However, the execution steps of this method are too complex, resulting in a significant
increase in push time consumption, and the actual application effect is not good. Gao
et al. (2021) proposed a personalised short video push method based on graph neural
networks for social media platforms. Firstly, a personalised push model based on graph
neural networks was constructed. This model mainly models the user’s video viewing
sequence behaviour as a graph structure, using nodes to represent the user and the video,
and edges to represent the behaviour between them. At the same time, two types of vector
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propagation methods were introduced to model users’ long-term and short-term interests,
respectively. In this model, the long-term interests of users are depicted through
bidirectional propagation between users and short videos. By one-way propagation of
video node switching relationships, users’ short-term interests can be characterised. In
addition, capturing high-order adjacency information on the graph through multi-layer
vector propagation can determine user personalised preferences and recommend suitable
short videos on social media platforms for users. However, in practical applications, it
has been found that this method has the problem of low satisfaction with short video push
results on social media platforms, and there is still a certain gap between it and the
expected goals.

Due to the lack of rich user behaviour data collected during the design process of the
current method, it is difficult to predict user interest, resulting in low push accuracy, long
recommendation time consumption, and low satisfaction. With the goal of solving the
thank you problem, a new personalised short video push method on social media
platforms based on affinity propagation clustering has been proposed, and the
effectiveness of this method was tested through experiments.

2 Personalised short video push method on social media platforms

2.1 User behaviour data collection based on affinity propagation clustering
algorithm

Affinity propagation clustering is a graph-based clustering algorithm. It infers the cluster
to which each data point belongs by constructing a similarity graph between data points
and utilising the similarity between neighbours.

The objectives of using neighbour propagation clustering algorithm for user
behaviour data collection mainly include the following aspects:

1 Discovering user interests and user groups: through neighbour propagation clustering
algorithms, relationships and behaviours between users can be mined and analysed to
discover their interests and preferences. By clustering user groups, it is possible to
better understand user behaviour patterns and group characteristics.

2 Personalised recommendation and personalised marketing: by collecting user
behaviour data and conducting cluster analysis, users’ historical behaviour and
preference patterns can be obtained. Based on these data, personalised
recommendation services and customised marketing strategies can be provided for
each user to improve their engagement and satisfaction.

3 Target advertising and precise marketing: by collecting user behaviour data and
performing cluster analysis, potential customer groups can be identified, and target
advertising and targeted marketing activities can be carried out at precise time points
according to the needs and interests of different groups, so as to improve advertising
effect and user responsivity.

4 Mining social influence: collect user relationship network and behaviour data,
combined with neighbour propagation clustering algorithm, can identify users with
social influence, help enterprises or platforms find key opinion leader and social
influencers, and use their influence to promote products, services or brands.
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The advantages of affinity propagation clustering algorithm in user behaviour data
collection (Gao, 2021) mainly include:

1 Strong adaptability: affinity propagation clustering algorithm can adaptively adjust
the number and size of clusters, suitable for various datasets of different sizes and
densities.

2 Strong robustness: affinity propagation clustering algorithm has good robustness to
noise and outliers, and can effectively handle abnormal situations in data.

3 High computational efficiency: affinity propagation clustering algorithms have low
computational complexity and can handle large-scale datasets.

4 Good stability of results: the results of the neighbouring propagation clustering
algorithm are relatively stable, and there will be no significant differences in results
due to different initialisation.

Assuming that the user behaviour dataset is represented by X = {xi, x, ..., xn}, there are
closely related clusters in a certain feature space, C = {Ci, C», ..., Cx}, k € N. Each data
is only relative to one cluster. Assuming that there is a representative cluster xc;) and x; in
this cluster, the error function in the clustering process is expressed by the following
formula:

JO)=Y"" d* (5, xew) (1)

In the above formula, d represents clustering similarity.

The objective of the affinity propagation clustering algorithm is to determine the
optimal set of representative points of the class and minimise the error function, then the
objective function is as follows:

C* = argmin[J(C)] (2)

Assuming xc(;) exists at another data point x;, determine the distance between x; and x; to
obtain the similarity between these two data points. The specific calculation formula is as
follows:

d=- (x,-—xj)z l;tj (3)

To select the optimal clustering centre as the goal, it is necessary to update the
attractiveness r(i, j) and belonging a(i, j) between data points. The information
dissemination process during the update process is shown in Figure 1.

The specific update formula is as follows:

r(i, j) = st j)—max{a(i, k) + G, )} 4
a(i, )=min{0, r(Q, )+ max{0.r(k, )i} i ] )

In the above formula, s(i, j) represents the reference degree for selecting the /™ point as
the class representative point for the i point, a(i, k) and s(i, k) represent the initial and
optimal clustering centres, respectively, and r(k, j) represents the current clustering
centre.
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Figure 1 Information dissemination process

O The class
AN represents the point

° Non-class points
are represented

In the process of updating the affinity propagation clustering algorithm, in order to avoid
oscillations, a damping factor of 4 is introduced to continuously update the attractiveness
and affiliation. The specific update formula is as follows:

rnew(in k) = /l*rold (la k)+(1_/1)* I’(i, k) (6)
Aew (@ k) =L apa (i, k) +(1=A)"a(i, k) @)

During the continuous iteration process, determine whether the number of representative
points in the obtained cluster meets the requirements. If not, change the value, repeat the
program until the number of representative points in the cluster meets the requirements,
and output the final clustering result. This result is the user behaviour data collection
result, specifically represented by the following formula.

E :R+rnew(i3 k)_rllgglx anew(ia k) (8)
9
In the formula, R represents the iterative update matrix.

2.2 User sentiment label extraction

Based on the data collection results, Markov matrix is used to extract user emotional
labels, laying a solid foundation for subsequent personalised preference prediction of
users. Assuming that there are D documents in the user behaviour data collection result
C, with C = {d\, d», ..., dp}, w representing one of the words in document d, /
representing the emotional label of document d (Yang and Lin, 2022), and z representing
the theme of the document, the joint probability of topic/emotional label allocation and
words in the user behaviour data can be expressed by the following formula:

Pw, z,1)=P(w|z,)P(z|l,d)P(|d) )

In the above formula, P(w|z, /) represents the probability of topic label allocation, P(z|/, d)
represents the probability of emotional label allocation, and P(/|d) represents the
probability of emotional word allocation (Li, 2022).

The calculation formula for P(wjz, /) is as follows:
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T+8 F ik
Pw|z1) = ((Vﬂ)j 111 H *5) (10)

LBy N +Vp)

In the above formula, V represents the emotion dictionary, T represents the number of
topic words, S represents the number of emotion labels, N;;x represents the number of
times word i appears under topic j and emotion label k&, N;; represents the number of
times word is assigned to topic j and emotion label k&, and I' represents the gamma
function.

The calculation formula for P(z|/, d) is as follows:

HF /kd+05

Pl dy=| LI v I1.I1, (11)
’ I'(e)" ['(Nia +T)

In the above formula, N;q represents the number of times a word appears in document d
with topic j and label &, and N, represents the number of times emotional label % is
assigned to some words in document d (He et al., 2021).

The calculation formula for P(/|d) is as follows:

F(Sy)J it TLr(ea+n)

Iy’ S T(Ng+Sy)

P(l|d) =( (12)

In the above formula, N, represents the total number of words in the document set.
Combining Markov chains to determine the distribution of words in topic and
emotional labels (Dias et al., 2021), the specific calculation formula is as follows:

Nijx+ B

Nj,k +Vﬂ (13)

Di,j ke =

In the above formula, [ represents the transition probability of the Markov matrix, and
the results of user sentiment label extraction are as follows:
0jk (Nia +7)

Mg =LA T 14
k,d Nd +Sy ( )

In the above formula, y represents the feature parameter of emotional labels (Hong,
2021).

2.3 User personalised preference prediction

Combining emotional labels and XGBoost model to predict user personalised preferences
can provide important directions for personalised short video push. XtremeGradient
boosting (XGBoost) is a boosting ensemble learning algorithm that integrates multiple
weak classifiers. It has the advantages of high accuracy, strong robustness, processing
high-dimensional features, strong interpretability, and good scalability, and can
accurately predict user personalised preferences.

Assuming that the user behaviour data collection result can be represented by
C = {(xi, yi)}, where x; € R", yie r,i=1, 2, ..., n. x; represents the feature dataset, m
represents the number of features (Konapure and Lobo, 2021), and y; represents the label
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value as the target variable. Assuming that there are a total of K trees in the XGBoost
model, the XGBoost model can be represented by the following formula:

P =Fro (%) + fx () (15)

In the above formula, fi(x;) represents the prediction result of the K™ tree of XGBoost
model, and J; represents the sum of the prediction results. The calculation formula of the

objective loss function of XGBoost is as follows:

Obj=>" L(y.51)+ Y. Q(f) (16)

In the above formula, L(y;, J;) represents the loss function and Q(fi) represents the
regularisation parameter. The specific calculation formula is as follows:

Q(fi)= yT%zuwuz (17)

In the above formula, y, 4 represents different hyperparameter, and 7, w represents
different leaf node weight values. The objective function described in formula (16) is
difficult to optimise in Euclidean space, and the XGBoost model uses approximate
rewriting to solve this problem. The rewritten objective function is as follows:

Obj®) = Z;L(}’ia P+ fi (% )) "‘ZszlQ(fs) (18)

~(s=1)

In the above formula, y;°~ represents the personalised preference prediction results for

users in S — 1 rounds (Ikram and Farooq, 2022), and f(x;) represents the single tree
prediction results that exist in the S* round.

Assuming f{x) has a n™ order continuous derivative in [a, b] and a n + 1™ order
continuous derivative in (a, b). If xo € [a, b] is a certain point, then for any x € [a, b],
there exists:

hf(x):uf(Xb)4‘fd(Xb)(X*—Xb)4‘f‘;Tb)(x X))+
., | 19)
+L:%)(x—xo )+ 7, (x)
n:

If the value of ¢ is between x and xo, the remaining term can be represented by the
following formula:

n+l
i =S e ) 20)

Consider 707D + f,(x;) as x and $° ™ as xo in the objective function to obtain the

Taylor expansion:

Obj®) = Z;L(yi» f’i(s_l))"‘gifs (x:) +%ht‘fs’2 (xi)+9(ﬁ) (21)
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In the above formula, g; and 4; represent the sum of the first and second steps of the loss
function respectively, and L(y;, 3*™") represent the constant term of the loss function.
When Q(f) specific formulas are introduced into formula (21), we can get:

. n 1 1 T
Obj = Zizl |:giwq(»¥i) + EhthQ(xi) :| +yT + 5’121:,- CO% (22)

In the above formula, w,(,,) represents the weight values of 7 leaf nodes in the S* round

of training a single tree model, traversing all leaf nodes to obtain personalised preference
prediction results for users, as follows:

Ob],z iel; &i

Dt

2.4 Personalised short video push

wj =

(23)

Utilise the i Expand algorithm to determine user interest vectors and generate
recommendation lists, achieving personalised short video push on social media platforms.
The i Expand algorithm is a push algorithm based on user behaviour sequences. Its core
idea is to improve the accuracy and coverage of push by utilising user behaviour
sequences and similar user behaviour information, and has good push performance and
scalability. The i Expand algorithm provides a novel way to personalised push short
videos on social media platforms, introducing some unique recommendation ideas,
applying novel mining methods, or improving the core process of existing algorithms.
Moreover, the algorithm utilises a new data processing method and incorporates sorting
techniques to ensure the scientific and reliable recommendation results.

Determine the probability vi of interest 7; for each social media platform user (Chen,
2021), and the results are as follows:

CH* +a

X 1]
MK
Zk:l zm:1 Cuic +Kax

In the above formula, 7; represents the user interest of social media platforms, C;* and

vi=P(T})= (24)

CMK represent the user interest and sentiment matrix, respectively, K represents the

number of user interests, and & represents the user interest feature parameters.

In order to facilitate the analysis and calculation of the transfer probability between
interests, and to construct a user interest correlation graph, let ¢; represent the probability
distribution of the project on user interests on social media platforms (Huang, 2021). The
specific calculation formula is as follows:

o =p(r.1)=200t) 0 (25)
P(I;) —
D vkt
k=1

In the above formula, 7; represents the i interest of the user, [; represents the it short
video on social media platforms, 6; represents the probability of interest transfer, and &
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represents the edge weight of interest 7; to item /.. The specific calculation formula is as
follows:

o =P(n]1)=3" P

In the above formula, &}, and ¢}, represent interest feature vectors and interest
distribution vectors, respectively.

J

N
=Y Oy (26)

Assuming 51(0) represents the user’s initial interest vector, when it swims to the jt

node T}, it will continue to randomly select among all possible neighbours of 7}, and then
continue to walk. The decision analysis of each step of the vector will finally return to the
initial state, where the return probability value is 7. When performing random walk with
U;, the user interest vector in step s + 1 is expressed by the following formula:

é’](wl) =(1- c)él(s)ﬂ-i' cél(o) (27)

In the above formula, 51(” represents the neighbourhood user interest feature vector, and

Urepresents the decision parameter.

The i Expand algorithm sorts short videos based on the preference level between
users and social media platforms. This method analyses the random distribution of users’
interests:

P(LU) =" P(1 ) =k)R(t=k|U;) =Y. 8Bt (28)

In the above formula, ¢ represents the feature vector of short videos on social media
platforms. Using the Pearson correlation calculation method to process and expand the
interest similarity between users, the interest similarity can be represented as sim(U;, Uy).
Through this method, it is possible to obtain the nearest neighbour set Neighbour(U;) of
all individual users U;. The rating of each user on short videos on social media platforms
can be expressed as:

sim(U;, Uy )*(m.; — 7
ZuheNeighbour(U,-) ( P h) (h’J h)
sim(U;, U, |
Zuhe Neighbaur(U,-)| ( D h )

In the above formula, 7 and 7, represent the average score of U; and Uj, 7y, represents

(29)

i =h

the predicted rating of user U, for short videos /; on social media platforms.

Using the Gibbs sampling method to sample and update their interests, during the
algorithm iteration calculation process, user U, interest in short videos on social media
platforms is assigned a value, and the results are as follows:

CNE+Cv, +

I

- (30)
Z CNK +C + NB - 12 Cr+Ka—1

In the above formula, # represents assigning interest 7; to /', and 6’ % represents how

1

many selected items from C* have been assigned interest 7} to U,. After all interests
have been reassigned, the probability calculation formula for each interest is as follows:
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Ct +
0y = P(TU,) = P @y
=1C,i‘ +Ko

Optimise and adjust the user interest feature parameter o and interest assignment
parameter . The calculation formula for the optimised and adjusted parameters is as

follows:
az Zk I[(S (CMK + o) ()(0()}
szzl[ ( > C%K+Ka) 5(Ka):|

5SS [a(c + £)-a)]
NZk 1[ (ZWZIC%KJFN/})_(;(N/})}

Generate a recommendation list based on user interest characteristics, and push the top n
short videos from social media platforms to relevant users. The specific recommendation
results are as follows:

Rec(r)=a-Q'(r;)+ - Pop(r;) (34)

In the above formula, Pop(r;) represents the popularity of short videos on social media
platforms, and Q'(7)) represents the popularity of short videos on social media platforms.

(32)

5

(33)

3 Experimental design

The research objective was to verify the effectiveness of the personalised short video
push method on social media platforms based on affinity propagation clustering proposed
in this article on social media platforms. Relevant experimental tests were conducted, and
the specific experimental plan is as follows:

3.1 Experimental data

Utilise data mining techniques to obtain relevant data on social media platforms,
including user behaviour data, video feature data, and real-time feedback data. Divide the
obtained experimental data into test sets and experimental sets in a 4:6 ratio. Input the
data from the test set into MATLAB 7.2 simulation software, locate the data import
function, select the data file in the test set to be imported, and set it according to software
requirements. After importing data, it is necessary to verify it to ensure its correctness
and completeness. If there are issues with the data, it needs to be modified or re imported.
After completing data import and multiple verifications, the optimal operating parameters
are obtained and used as the initial simulation parameters for MATLAB 7.2 simulation
software. The data from the test set is then imported into the simulation software to
complete the relevant simulation experiments. The experimental data types are shown in
Table 1.
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Table 1 Experimental data types

Primary classification

of experimental data Secondary classification of experimental data

User behaviour data Social media platform users’ viewing history, likes, comments,
sharing and other behavioural data, used to understand user interests,
preferences, consumption habits and other information

Video feature data Social media platforms use feature data such as short video titles,
covers, duration, tags, classifications, etc. to analyse video content and
attributes

Real time feedback Real time feedback data from users, such as dwell time, sliding speed,

data etc.

3.2  Evaluation indicators

Using method of Zhu et al. (2021), method of Gu et al. (2021), and method of this paper
as experimental comparison methods, the application effectiveness of different methods
was tested by comparing the accuracy, time consumption, and satisfaction with short
video personalised push on social media platforms using different methods. Push
accuracy refers to the degree of matching between short videos recommended by
different methods on social media platforms and videos of actual interest to users. The
higher this value, the higher the recommendation accuracy; The time consumption of
short video push on social media platforms refers to the time spent by recommendation
algorithms from receiving user requests to returning recommendation results. For
personalised short video push on social media platforms, the speed of push time
consumption directly affects the user experience and platform service quality; the goal of
personalised short video push on social media platforms is to provide users with
interesting and valuable video content, thereby increasing user retention and platform
revenue. Therefore, satisfaction with the push results is an important indicator for
measuring recommendation algorithms and strategies. In this experiment, this article
mainly conducted personalised short video push experiments on social media platforms
on 10,000 users. The satisfaction ratings of users with the short video push results on
social media platforms were obtained through a survey questionnaire. The users were
divided into an average of ten groups, and the satisfaction scores of each group were
mainly taken as the average.

The comparison results of the accuracy of personalised short video push on social
media platforms using three methods are shown in Figure 2.

The comparison results in Figure 2 show that the maximum accuracy of personalised
short video push on the social media platform of method of Zhu et al. (2021) is 76%, and
the maximum accuracy of personalised short video push on the social media platform of
method of Gu et al. (2021) is 85%. The maximum accuracy of personalised short video
push on the social media platform of this method is 97%, which is 21% higher than
method of Zhu et al. (2021) and method of Gu et al. (2021), respectively 12%; the
minimum accuracy of personalised short video push on the social media platform of
method of Zhu et al. (2021) is 56%, and the minimum accuracy of personalised short
video push on the social media platform of method of Gu et al. (2021) is 64%. The
minimum accuracy of personalised short video push on the social media platform of this
article is 91%, which is 35% and 27% higher than method of Zhu et al. (2021) and
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method of Gu et al. (2021), respectively. No matter from which aspects, the push
accuracy of the method in this article is the highest, indicating that this method can
provide short videos on social media that users are truly interested in. The reason is that
this method combines emotional labels and XGBoost model to predict user personalised
preferences, uses the i Expand algorithm to determine user interest vectors and generate
recommendation lists, achieving personalised short video push on social media platforms,

thus possessing high recommendation accuracy.

Figure 2 Comparison results of push accuracy of three methods

The comparison results of the time consumption for personalised short video push on

o0
(=1

~
(=}

Push accuracy/%

60

50
0

—— Method of Zhu et al. (2021)
—~&A— Method of Gu et al. (2021)
—O— Method of this paper

30 40 50 60 70 80 90 100
Number of experiments

social media platforms using three methods are shown in Table 2.

Table 2 Comparison results of push time consumption (unit: ms)
]e\;LZZ]l?ier';eon]; ) Methoizog ZZ]ﬁu et al. Methoc(lzcg; ?)u et al. Method of this paper
10 156.2 266.1 89.6
20 147.2 247.5 97.4
30 146.3 211.6 85.4
40 125.8 247.6 75.6
50 169.3 135.2 62.3
60 155.1 314.1 58.9
70 169.4 227.7 68.4
80 145.3 253.6 82.3
90 138.2 253.4 84.7
100 176.3 274.1 82.1
Mean value 152.9 243.1 78.7
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Analysing the data in Table 2, it can be seen that the maximum, minimum, and average
consumption of personalised short video push time on the social media platform of
method of Zhu et al. (2021) are 176.3 ms, 125.8 ms, and 152.98 ms, respectively. The
maximum, minimum, and average consumption of personalised short video push time on
the social media platform of method of Gu et al. (2021) are 314.1 ms, 135.2 ms, and
243.1 ms, respectively. The maximum, minimum, and average time consumption for
personalised short video push on social media platforms using this method are 97.4 ms,
58.9 ms, and 78.7 ms, respectively. Overall, the personalised push time consumption of
short videos on social media platforms using this method is lower, indicating that this
method can push short videos on social media platforms to relevant users. The reason is
that this method utilises the i Expand algorithm to determine user interest vectors and
generate recommendation lists, thereby ensuring recommendation accuracy and
efficiency. Therefore, the push time consumption of this method is relatively low.

The satisfaction comparison results of personalised short video push results on social
media platforms using three methods are shown in Table 3.

Table 3 Comparison of satisfaction with push results
]e\;L;rzilfier:eonj; ’ Methoazzog ZZlﬁu et al. Methoc(lzooj; ?)u et al. Method of this paper
Group 1 84.7 65.2 914
Group 2 86.3 63.5 96.3
Group 3 84.1 54.7 94.7
Group 4 75.2 71.2 95.2
Group 5 71.3 70.6 92.3
Group 6 75.6 71.1 94.5
Group 7 71.9 75.4 96.3
Group 8 75.6 70.3 94.4
Group 9 80.1 71.2 92.5
Group 10 78.3 69.8 98.6
Mean value 78.3 68.3 94.6

By analysing the results in Table 3, it can be seen that the maximum satisfaction value of
the social media platform short video personalised push results proposed in this article is
98.6, which is 12.3% higher than method of Zhu et al. (2021) and 27.4% higher than
method of Gu et al. (2021). The minimum satisfaction value for personalised short video
push results on social media platforms using this method is 91.4, which is 19.9% higher
than method of Zhu et al. (2021) and 36.7% higher than method of Gu et al. (2021). The
average satisfaction rate with personalised short video push results on social media
platforms using this method is 94.6, which is 16.3 higher than method of Zhu et al.
(2021) and 26.7 higher than method of Gu et al. (2021). From these data, it can be seen
that the satisfaction of the push results in this article is higher, indicating that the
application effect of this method is better. The reason is that this method uses Markov
matrix to extract user sentiment labels, combines sentiment labels with XGBoost model
to predict user personalised preferences, in order to ensure that recommendation results
can meet user needs to the greatest extent, and thus maintain a high level of user
satisfaction.
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4 Conclusions

The development of personalised short video push on social media platforms has become
a trend in the current internet field. Through personalised recommendation algorithms,
social media platforms can provide users with short video content that is more in line
with their interests and hobbies, improve user experience and satisfaction, and also bring
more exposure opportunities for high-quality content creators. However, there are also
some issues with personalised short video push on social media platforms, such as low
push accuracy, high time consumption, and low satisfaction. Therefore, this article
proposes a new personalised short video push method on social media platforms based on
affinity propagation clustering. Through experimental testing, it has been proven that the
maximum accuracy of personalised short video push on social media platforms using this
method is 97%, the maximum push time consumption is 97.4 ms, and the maximum
satisfaction with push results is 98.6. It has the characteristics of high push accuracy, low
time consumption, and high satisfaction. In future research, while ensuring user
experience and exposure opportunities for creators, attention should be paid to the
diversity and objectivity of information to promote the healthy development of
personalised short video push on social media platforms.
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