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Online short video platform (OSVP) can disseminate 
information in an intuitive and three-dimensional (3D) 
way, and achieve commercial value in a mobile, so-
cialized, life-oriented manner. To fully understand the 
information dissemination mode of short videos, it is 
of practical significance to explore user behavior and 
their interactive relationship. Therefore, this paper 
carries out a behavior analysis of user interaction on 
OSVP. Firstly, an OSVP user interaction model was 
established based on three aspects: activity, attention, 
and interactivity. Next, user preference for short vid-
eos was examined through cluster analysis and evalua-
tion. Finally, the authors summarized the behavior fea-
tures of OSVP user interaction and investigated user 
interaction to decide which videos should be pushed 
to users. The average utility and average cost of user 
interaction behavior were compared, indicators of de-
gree centrality were summarized, and the validity of 
the proposed algorithm was verified by experimental 
results.

ACM CCS (2012) Classification: Human-centered 
computing → Collaborative and social computing → 
Collaborative and social computing systems and tools 
→ Social networking sites
Keywords: online short videos, user interaction, inter-
active behavior analysis

1. Introduction

Online short video platform (OSVP), an organ-
ic combination between videos and we-media, 
can disseminate information in an intuitive and 
three-dimensional (3D) way, and achieve com-
mercial value in a mobile, socialized, life-ori-
ented manner. At this stage, OSVPs exhibit a 
trend of rapid development in technology and 

scale [1–4]. Experts predict that OSVP users 
will reach 421 million, and the market value will 
surpass 25 billion yuan in 2025 [5, 6]. To fully 
understand the information dissemination mode 
of short videos, it is of practical significance to 
explore user behavior and their interactive re-
lationship. Therefore, this paper carries out an 
analysis of user interaction on OSVP.
So far, domestic and foreign scholars have 
achieved lots of results through behavior anal-
ysis of OSVP users [7–9]. Galdi et al. [10] de-
fined the concept of short video, analyzed the 
dissemination paths and development features 
of OSVP information, and provided counter-
measures for public opinion governance. 
The human computer interaction (HCI) function 
of OSVP can effectively boost user participation 
and improve viewing experience [11–14]. After 
analyzing the text contents of online short vid-
eos, Yonezawa et al. [15] summarized the types 
of narration and the presentation modes of three 
interaction motives.
The entertainment property of interactive short 
videos is affected by multiple factors, such as 
length, professional level, and user psycholo-
gy. Based on Randall Collins' interaction ritu-
al chain, Wang [16] analyzed the performance 
and influence of the interaction rituals of popu-
lar science short videos on TikTok, and created 
the corresponding short video interaction ritual 
chain.
The interaction between academic journals and 
readers can also be completed with short videos 
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The dwell time of a short video was defined 
as the time for user i to remain in time grid w, 
watching the short video, i.e., the difference be-
tween the start time and end time of viewing 
the short video. Let TIi-w, TIi-wr, and TIi-ws be 
the dwell time, start time, and end time of user 
i in the time grid w, respectively; TIi-all be the 
total time of user i watching short videos. The 
dwell time of a user varies with time grids. The 
proportion of the dwell time of user i in time 
grid w can be calculated as:
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Equation (1) shows that the proportion of the 
dwell time can characterize the user preference 
for short videos. The proportion of the dwell 
time for each user was described as a row vec-
tor TIi = (TIi-1, TIi-2, ..., TIi-w).
To analyze the user preference for short vid-
eos, it is necessary to identify the preference 
range through a cluster analysis on the time 
distribution features and video properties in the 
historical data on short video viewing. Due to 
the sheer volume of historical data, this paper 
dynamically determines the number of clusters 
for user viewing of short videos. The difference 
between short video viewing sample i and its 
preferred class was measured by Euclidean dis-
tance g(i), and the minimum distance between 
sample i and another preferred class was denot-
ed as h(i). Then, the Silhouette value measuring 
the cluster effect of sample i can be calculated 
as:
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Equation (2) shows that SI(i) falls between -1 
and 1. If the SI(i) value is close to 1, there is a 
difference between sample i and its preferred 
class, which facilitates the correct classification 
of sample i. If the SI(i) value is close to 0, there 
is a small difference between sample i and two 
preferred classes, that is, sample i is very likely 
to fall between the two classes. If the SI(i) value 
is smaller than 0, sample i is clustered unrea-
sonably. If the SI(i) value is close to -1, there 
is a large probability that sample i belongs to 
another preferred class.

degree of attention), and authenticated identity 
(which characterizes the identity of users). The 
interactivity was measured by the number of 
likes, the number of comments, and the number 
of sharing (which characterize the interaction 
between users). When analyzing above factors, 
it is necessary to comprehensively consider the 
directly-related and indirectly-related factors.
Here, the sum of number of posted videos and 
number of forwards is defined as the number 
of posts. The scatterplot of the number of posts 
of OSVP users is shown in Figure 2, where the 
number of posted videos and the number of for-
wards represent the number of original short 
videos posted by users, and the number of their 
own or others' short videos being forwarded by 
users. The two parameters reflect the activity 
and contribution of users.

Figure 2. Scatterplot of the number of posts of  
OSVP users.

3. Preference Analysis

Unlike Weibo and other social platforms, OSVP 
has no open application programming interface 
(API), and thus it is impossible to acquire data 
by calling an API. A possible solution is to crawl 
the webpage of each short video with crawl-
er software, or crawl information like the list 
of followers with a self-compiled R program. 
Due to the high crawling frequency, the same 
user could be sampled repeatedly in a time grid. 
The repeated sampling indicates that the user 
is watching the short video during that period. 
The viewing time was measured to evaluate the 
user preference for short videos with different 
attributes and features.

[17–19]. To improve the interaction efficiency 
of readers, Chi et al. [20] studied the operation 
mode and features of short videos of academic 
journals.
With the development of we-media and online 
video technology, more and more celebrities and 
official media have settled on relevant OSVP 
apps. McCord et al. [21] conducted a feature 
analysis of commercial interaction advantages 
of mobile Internet short videos plus advertising, 
and provided a reference to the popularization 
and promotion of short video commercializa-
tion.
After carefully sorting out the existing research 
results, it was found that field scholars generally 
pay more attention to analyzing the user behav-
ior characteristics of OSVPs or building user 
interaction relationship network structures to 
extract the features of user relationship [22–26]. 
Few studies take user interest or preference into 
account.
This paper carries out a behavior analysis of user 
interaction on OSVP. The main contents are, as 
follows: Section 2 establishes an OSVP user in-
teraction model based on three aspects: activity, 
attention, and interactivity; Section 3 examines 
user preference for short videos, and presents 
the approaches of cluster analysis and evalua-
tion; Section 4 analyzes the behavior features of 
OSVP user interaction; Section 5 improves the 

decision-making of short video pushing through 
user interaction analysis. Experimental results, 
in Section 6 demonstrate the effectiveness of the 
proposed method.

2. Model Construction

Users of OSVPs always follow the content, so 
all of the video products are facing a few com-
mon problems: bottle neck in the growth of new 
users, difficulties of increasing user activity and 
retention rate, and insufficient motives for us-
ers to participate in interaction and sharing. In 
fact, the essence of deep-layer user interaction 
lies in the users' personal experience, cognition, 
emotion, or sentiments that are similar to the in-
teractive behavior, so we need to analyze them 
to improve the current situation with OSVP ap-
plications.
Figure 1 shows our OSVP user interaction mod-
el. Based on the model, this paper sets up an 
evaluation index system (EIS) for OSVP user 
interaction, which covers three aspects: activi-
ty, attention, and interactivity. The activity was 
measured by the number of posted videos, the 
number of forwards, and the time of posting. 
The attention was measured by the number of 
users being followed and the number of follow-
ers (which characterize the range of social rela-
tionship), view count (which characterizes the 

Figure 1. OSVP user interaction model.
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effect: cohesion and separation. Let Γi be the set 
of all |Γi| type i sample points; qi be the cluster 
head of type i sample points; l be the number of 
clusters. Then, the mean distance ADi from type 
i sample points to each cluster head, and can be 
calculated as:

1 || ||
| |
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The mean AD of the mean intra-class distances 
of all classes can be calculated as:
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Equation (6) shows that AD is negatively cor-
related with the intra-class clustering distance.
Let qi and qj be the cluster heads of type i and 
type j sample points, respectively. Then, the in-
ter-class separation can be characterized as the 
mean distance of all cluster heads:
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Formula (7) shows that CD is positively cor-
related with intra-class clustering distance.
Through clustering, the centroid of user be-
haviors was derived for each preferred class. 
The similarity of user behaviors in different 
preferred classes could be measured by the dis-
tance between different behavior centroids. Co-
sine similarity is used to evaluate the similarity 
between two vectors by calculating the cosine 
value of the included angle between them. This 
paper uses cosine similarity to measure the sim-
ilarity of user behavior preferences. Let ξi-j be 
the distance between the behavior preferences 
of user i and user j. The ξi-j value is negative-
ly correlated with the similarity of short video 
preferences between users i and j. Let ξmax and 
ξmin be the maximum and minimum distances 
from user i to the centroid of the other users' 
short video viewing behaviors, respectively. 
Then, the mean distance between multiple be-
havior centroids can be normalized as:
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For the historical data on short video viewing by 
a few users, whose preferred class was preset as 
N, collected with a short time interval, the fre-
quency of the preferred classes of all users was 
counted with 12h as the time window. That is, 
the historical data of each user could be viewed 
as a 12*N matrix. Then, the preferred class of 
each user was analyzed separately. Let Oi-k-τ 
and FRi-k-τ be the preference and frequency of 
user i for the short video related to preferred 
class k in time window τ, respectively; K be the 
set of preferred classes of short videos of user i. 
Then, the proportion of the preference for class 
k short videos in time window τ in personal 
preference can be calculated as:
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The historical data on short video viewing by 
many users was collected over a long period of 
time with large time intervals between collec-
tions. Unlike the hour-based frequency count 
for the historical data of a few users, the fre-
quency of the preferred classes of each user was 
calculated separately. Let Ojk and FRi-k be the 
preference and frequency of user i for the short 
video related to preferred class k, respectively, 
and K be the set of preferred classes of short 
videos of user i. Then, the preferred class of the 
historical data on short video viewing by many 
users can be calculated as:
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In equation (10), the preferred class is charac-
terized by the proportion of the preference for 
class k short videos of each user in his/her per-
sonal preference. In this way, it is possible to 
obtain a complete set of user preferences for 
short videos: Oi = (Oi-1, Oi-2, ..., Oi-k).

4. Feature Analysis

To analyze the features of OSVP user interac-
tion, each user was treated as an independent 
node U in OSVP social network, and each in-
teractive relationship between users as an edge 
S connecting the corresponding nodes. Then, 

Due to the immense size of the historical data, it 
is impossible to determine the values of two im-
portant clustering parameters: cluster radius eps 
and the minimum number of points min points. 
Therefore, an effective method was developed 
to determine the values of the two parameters 
adaptively, according to the actual distribution 
and overall features of the historical data of dif-
ferent users viewing short videos. Let m be the 
total number of data samples. The distance be-
tween samples i and j in the sample set can be 
characterized by the elements in distance distri-
bution matrix RANm*m:

RANm*m = {r(i, j), 1 ≤ i ≤ m, 1 ≤ j ≤ m}   (3)
Sorting the rows in RANm*m by size, the near-
est l-th distance points to all the points in the 
matrix obeying Poisson's distribution. By max-
imum likelihood method, the parameter estima-
tion for the distribution of distance points can 
be calculated as:

1

1 m

l
l

a a
m

µ
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= = ∑
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The expectation of μ in above formula can be 
taken as the value of eps for the clustering of user 

preference for short videos. The al in formula 
represents elements in the distance distribution 
matrix. Through the maximum likelihood meth-
od, known sample results can be used to infer 
the parameter values that are most likely (max-
imum probability) to lead to such a result. The 
above formula involves two parameters, but the 
influence of the total number of samples on the 
expectation of μ is only within a certain range, 
and further clustering analysis is required.
Online short videos cover all sorts of informa-
tion, ranging from news, sports, military to en-
tertainment. This paper counted the user atten-
tion on different types of short videos on the 
target platform. Figure 3 shows the mean num-
ber of followers of short videos on the platform. 
It can be inferred that fun, gourmet, news, pets, 
and traveling videos attract many followers, 
while home design, digital technology, culture, 
and animation videos receive a low attention. 
In this paper, the clustering effect of user pref-
erence for short videos is evaluated by an in-
ternal standard. The basic standard of cluster 
analysis is to minimize intra-class distance 
and maximize inter-class distance. This paper 
chooses two indices to evaluate the clustering 

Figure 3. Mean number of followers of short videos on the platform.
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Table 1. User interaction network at γ1 = 0.4 and γ2 = 0.6.

ω Number of 
points

Number of 
edges

Edge-point 
ratio

ω = 0.5 58 452 7.79

ω = 0.6 56 379 6.76

ω = 0.7 55 336 6.10

ω = 0.8 51 313 6.13

ω = 0.9 49 196 4

Table 2. User interaction network at γ1 = 0.5 and γ2 = 0.5.

ω Number of 
points

Number of 
edges

Edge-point 
ratio

ω = 0.5 57 450 7.89

ω = 0.6 55 384 6.98

ω = 0.7 54 336 6.22

ω = 0.8 52 279 5.36

ω = 0.9 45 145 3.22

Table 3. User interaction network at γ1 = 0.7 and γ2 = 0.3.

ω Number of 
points

Number of 
edges

Edge-point 
ratio

ω = 0.5 57 439 7.70

ω = 0.6 55 364 6.61

ω = 0.7 54 332 6.14

ω = 0.8 42 249 5.92

ω = 0.9 35 110 3.14

Table 4. User interaction network at Eij = COMij*ξij.

ω Number of 
points

Number of 
edges

Edge-point 
ratio

ω = 0.5 55 326 5.92

ω = 0.6 52 295 5.67

ω = 0.7 50 234 4.68

ω = 0.8 48 157 3.27

ω = 0.9 39 71 1.82

Figure 4. User interaction network at edge/node  
ratio of 3.14.

Figure 5. User interaction network at edge/node  
ratio of 1.82.

5. User Interaction Analysis

The user interaction network generally con-
sists of two parts: historical data on short video 
viewing and user friendship data. After analyz-
ing video preference, user preference, and user 
interaction features, the user interaction analy-
sis can be performed to support the decisions 
on short video pushing (Figure 6). During the 
decision-making, the user selection process is 
essentially the matching between user pref-
erence and the properties of the video being 
pushed. When analyzing the time information 
of interaction behavior of small-scale users, the 
adopted method is to divide the user's viewing 
data based on time window and calculate the 
duration of the user in each window which is 
then taken as the user's interaction behavior 

the nodes and edges could form an undirected 
graph NE = (U, S) of the user interaction net-
work. The OSVP social network mainly has 
three properties: degree centrality, betweenness 
centrality, and eigenvector centrality.
Let χij be the binary function reflecting whether 
user node i is directly connected to user node j. 
If the two nodes are directly connected, the val-
ue of χij  is 1, otherwise χij = 0. The total number 
of user nodes is denoted with MU. In the feature 
analysis of OSVP user interaction, the central-
ity of user nodes can be measured by degree 
centrality:
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where the numerator on the right side is the to-
tal number of nodes connected to user node i. 
Equation (11) shows that, the greater the val-
ue of EOCi ∈(0, 1), the stronger the influence 
of user i in OSVP. Let ε 

i
po be the number of 

shortest paths from user node p to user node o, 
and εpo be the number of the said shortest paths 
passing through user node i. Then, the interme-
diate nodes between two user nodes can be de-
scribed by betweenness centrality δi:
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Equation (12) shows that, the greater the val-
ue of δi, the stronger the influence of user i in 
OSVP.
The importance of a user node depends on both 
the number of nearby user nodes and their im-
portance. The eigenvector centrality CVi of user 
node i and that CVj of a nearby user node meet 
the following conditional relationship:

i jCV CV∝∑                   (13)

Equation (13) shows that CVi is positively cor-
related with the sum of CVj.
For the historical data on short video viewing 
by a few users, the cosine similarity between 
any two users i and j in short video preference 
could be calculated from their preferences 
for short videos. On this basis, the similarity 
SLS1(i, j) between users in short video preference 
can be calculated as:

SLS1(i, j) = cos(TIi, TIj)             (14)

The higher the similarity in short video prefer-
ence, the greater the similarity between the two 
users in the dwell time distribution for the same 
class of short videos, and the closer their pref-
erences for short videos.
The cosine similarity between any two users i 
and j in short video preference in a time win-
dow τ could be derived from the preference of 
each user for short videos in that time window. 
On this basis, the similarity SLS2(i, j) between 
users in short video preference in time window 
τ can be calculated by:

SLS2(i, j) = cos(Oi-k-τ , Oj-k-τ )        (15)
For the historical data on short video viewing by 
many users, a user interaction network was also 
constructed to analyze the intensity of interac-
tive relationship between any two friend users 
in the network. A weight was assigned to the 
edge between the two user nodes. The intensity 
of interactive relationship was measured with  
two values distance to behavior centroid and 
similarity in short video preference. The simi-
larity in short video preference between users 
i and j can be calculated by cosine similarity:

COMi, j = cos(Oi, Oj)              (16)

Eij = γ1*COMij + γ2*ξij and Eij = COMij*ξij were 
defined as the formulas for the intensity of cor-
relation between two friend users, and a thresh-
old ω was defined. If Eij > ω, the edge between 
user nodes i and j should be retained; otherwise, 
the edge should be deleted.
Tables 1 to 4 compare the number of user nodes 
(points), the number of edges, and the edge-
node (point) ratio under several different pa-
rameter combinations.

With the changes in parameter values, the user 
interaction network witnessed a decline in the 
number of edges and edge-node ratio. Figures 4 
and 5 present the user interaction networks at the 
two lowest edge-node ratios (3.14 and 1.82). It 
can be inferred that the original user interaction 
network could be clustered based on the user 
preference for short videos and user friendship. 
The clustering effect depends on the parameter 
values. According to the requirements of sub-
sequent experiments, different user interaction 
networks were constructed for later use.
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Table 1. User interaction network at γ1 = 0.4 and γ2 = 0.6.

ω Number of 
points

Number of 
edges

Edge-point 
ratio

ω = 0.5 58 452 7.79

ω = 0.6 56 379 6.76

ω = 0.7 55 336 6.10

ω = 0.8 51 313 6.13

ω = 0.9 49 196 4

Table 2. User interaction network at γ1 = 0.5 and γ2 = 0.5.

ω Number of 
points

Number of 
edges

Edge-point 
ratio

ω = 0.5 57 450 7.89

ω = 0.6 55 384 6.98

ω = 0.7 54 336 6.22

ω = 0.8 52 279 5.36

ω = 0.9 45 145 3.22
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Figure 4. User interaction network at edge/node  
ratio of 3.14.

Figure 5. User interaction network at edge/node  
ratio of 1.82.

5. User Interaction Analysis

The user interaction network generally con-
sists of two parts: historical data on short video 
viewing and user friendship data. After analyz-
ing video preference, user preference, and user 
interaction features, the user interaction analy-
sis can be performed to support the decisions 
on short video pushing (Figure 6). During the 
decision-making, the user selection process is 
essentially the matching between user pref-
erence and the properties of the video being 
pushed. When analyzing the time information 
of interaction behavior of small-scale users, the 
adopted method is to divide the user's viewing 
data based on time window and calculate the 
duration of the user in each window which is 
then taken as the user's interaction behavior 

the nodes and edges could form an undirected 
graph NE = (U, S) of the user interaction net-
work. The OSVP social network mainly has 
three properties: degree centrality, betweenness 
centrality, and eigenvector centrality.
Let χij be the binary function reflecting whether 
user node i is directly connected to user node j. 
If the two nodes are directly connected, the val-
ue of χij  is 1, otherwise χij = 0. The total number 
of user nodes is denoted with MU. In the feature 
analysis of OSVP user interaction, the central-
ity of user nodes can be measured by degree 
centrality:
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where the numerator on the right side is the to-
tal number of nodes connected to user node i. 
Equation (11) shows that, the greater the val-
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of user i in OSVP. Let ε 

i
po be the number of 

shortest paths from user node p to user node o, 
and εpo be the number of the said shortest paths 
passing through user node i. Then, the interme-
diate nodes between two user nodes can be de-
scribed by betweenness centrality δi:

i
po

i
i p o U po

ε
δ

ε= = ∉

= ∑
                

(12)

Equation (12) shows that, the greater the val-
ue of δi, the stronger the influence of user i in 
OSVP.
The importance of a user node depends on both 
the number of nearby user nodes and their im-
portance. The eigenvector centrality CVi of user 
node i and that CVj of a nearby user node meet 
the following conditional relationship:
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Equation (13) shows that CVi is positively cor-
related with the sum of CVj.
For the historical data on short video viewing 
by a few users, the cosine similarity between 
any two users i and j in short video preference 
could be calculated from their preferences 
for short videos. On this basis, the similarity 
SLS1(i, j) between users in short video preference 
can be calculated as:

SLS1(i, j) = cos(TIi, TIj)             (14)

The higher the similarity in short video prefer-
ence, the greater the similarity between the two 
users in the dwell time distribution for the same 
class of short videos, and the closer their pref-
erences for short videos.
The cosine similarity between any two users i 
and j in short video preference in a time win-
dow τ could be derived from the preference of 
each user for short videos in that time window. 
On this basis, the similarity SLS2(i, j) between 
users in short video preference in time window 
τ can be calculated by:

SLS2(i, j) = cos(Oi-k-τ , Oj-k-τ )        (15)
For the historical data on short video viewing by 
many users, a user interaction network was also 
constructed to analyze the intensity of interac-
tive relationship between any two friend users 
in the network. A weight was assigned to the 
edge between the two user nodes. The intensity 
of interactive relationship was measured with  
two values distance to behavior centroid and 
similarity in short video preference. The simi-
larity in short video preference between users 
i and j can be calculated by cosine similarity:

COMi, j = cos(Oi, Oj)              (16)

Eij = γ1*COMij + γ2*ξij and Eij = COMij*ξij were 
defined as the formulas for the intensity of cor-
relation between two friend users, and a thresh-
old ω was defined. If Eij > ω, the edge between 
user nodes i and j should be retained; otherwise, 
the edge should be deleted.
Tables 1 to 4 compare the number of user nodes 
(points), the number of edges, and the edge-
node (point) ratio under several different pa-
rameter combinations.

With the changes in parameter values, the user 
interaction network witnessed a decline in the 
number of edges and edge-node ratio. Figures 4 
and 5 present the user interaction networks at the 
two lowest edge-node ratios (3.14 and 1.82). It 
can be inferred that the original user interaction 
network could be clustered based on the user 
preference for short videos and user friendship. 
The clustering effect depends on the parameter 
values. According to the requirements of sub-
sequent experiments, different user interaction 
networks were constructed for later use.
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Parameters β1 and β2 can be adjusted according 
to the specific type of interaction, provided that 
β1 + β2 = 1.
The subjective factors can be characterized by 
the subjective influence SU0 of user i starting 
the interaction on user j responding to the in-
teraction:

SU0 = α1*INTi, j + α2 * EOCi         (22)
Parameters α1 and α2 can be adjusted according 
to the specific type of interaction, provided that 
α1 + α2 = 1.
During the decision-making of short video 
pushing, the influence of the user starting the in-
teraction on the user responding to the interac-
tion accumulates with time, rather than diminish 
over time. Once the cumulative influence sur-
passes the interaction activation threshold for 
the responder, the user responding to the inter-
action will be activated to interact with the initi-
ator. The threshold can be described by a linear 
model, where the number of neighbors interact-
ing with user j is denoted as MNE-j, i.e., the total 
number of users capable of interacting with user 
j. Following the most basic mode of short video 
pushing, the probability CH' for user i to start 
the interaction with user j can be calculated as:

1

NE j

CH'
M −

=
                  

(23)

During the interaction, a user prefers to interact 
with those sharing a highly similar preference 
for short videos with him/her. For the indepen-
dent cascading model, the subjective influence 
of user i starting the interaction with user j re-
sponding to the interaction is denoted as SU0. 
Then, the probability CH'' for user i to start the 
interaction with user j can be calculated as:
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(24)

The short video pushing decision is executed 
differently on different OSVPs. Let mE be the 
number of interacting users in the interaction 
network of user i; mi be the total number of that 
network; φ1 and φ2 be two adjustment parame-
ters (φ1 + φ2 = 1). Then, the evaluation function 
can be defined as:
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The greater the utility Vi of the short video 
pushing decision, the greater the proportion of 
users capable of interaction in the platform, and 
the better the short video pushing effect of the 
platform.

6. Experiments and Results Analysis 

As mentioned before, the desired clustering re-
sults on user preference for short videos should 
minimize intra-class distance and maximize in-
ter-class distance. In this section, comparative 
experiments are conducted by clustering the 
short video preferences of 4,100 OSVP users 
with different methods. Figures 7 and 8 show 
the variation of inter-class separation and in-
tra-class cohesion of 120 users, respectively. It 
can be seen that our clustering method achieved 
a better clustering effect than traditional algo-
rithms like KMC and FCM.
Under a small historical dataset, this paper 
compares the mean utility of user interactions 
with different types of short videos, using lin-
ear threshold model and independent cascading 
model. The results are shown in Figure 9, where 
the x-axis is the user number in user interaction 
network, and the y-axis is the mean utility over 
100 short videos. Due to the small size of user in-
teraction network, zero-interaction subnetwork 
might easily occur. It can be seen from Figure 
9 that there was a difference between the mean 
interaction utility obtained by linear threshold 
model and that obtained by independent cascad-
ing model. The latter model achieved a much 
higher mean utility than the former. The reason 
is that the linear threshold model considers the 
probability of user interaction as irrelevant to 
the friendship of the responder, while the inde-
pendent cascading model takes account of the 
preference and intimacy of the responder before 
the user starting the interaction, which makes 
the interaction more pertinent.
Under the same small historical dataset, this pa-
per further compares the mean interaction cost 
with different types of short videos, using lin-
ear threshold model and independent cascading 
model. The results are shown in Figure 10, where 
the x-axis is the user number in user interaction 
network, and the y-axis is the mean cost over 
100 short videos. More users completed inter-
actions under the independent cascading mod-
el than those under the linear threshold model, 

preference, a group with row vector TIi = (TIi-1, 
TIi-2,..., TIi-w) could be attained to represent the 
dwell time ratio of each user. To make a deci-
sion ψl = (LAl, LOl, POl, Cl, Nl) on short video 
pushing, the first step is to locate the push time 
to the current time window w according to the 
properties of the short video. Then, the dwell 
time of user i in time window w determines 
the probability ψl of completing an interaction 
within that time window. The probability ψl of 
completing an interaction about a short video 
can be calculated as:

ξi-l = TIi-w                       (17)
Equation (17) shows that, the greater the value 
of ξi-l, the more likely for user i to complete an 
interaction about the short video; the inverse is 
also true.
Based on user behavior centroid, it is possible 
to calculate the distance ξi-l between the user 
and the short video pushing, which completes 
the interaction. Let ξi-l be the distance between 
user i and interaction ψl; ξran be the distance be-
tween user i's behavior centroid and interaction 
ψl; ξmax and ξmin be the maximum and minimum 
distances between a friend user of user i and 
interaction ψl. Then, we have:
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Equation (18) shows that, the smaller the ξran, 
the greater the ξi-l, the more likely for user i to 
complete interaction ψl. The inverse is also true.

Then, the probability for a user to complete in-
teraction Tk can be calculated based on the com-
plete set of user preferences for short videos Oi 
= (Oi-1, Oi-2, ..., Oi-k). Let ITl be the user pref-
erence for the preferred class of Tk. Then, the 
cosine similarity cosi-l between the preferred 
class of Tk and user preference for short videos 
can be calculated by:

cosi-l = cos(Oi, ITl)                 (19)
From cosi-l, it is possible to further compute the 
matching degree between user i and interaction 
ψl.
Related to interaction intensity and mutual 
friends, the intimacy INTij between users i and j 
can be calculated as:
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where FRij is an indicator of the friendship be-
tween users (if FRij = Eij, then user i is a friend 
of user j, while if FRi-j = 0, then user i is not a 
friend of user j); di and dj are the interaction 
networks of user i and user j, respectively; di 
∩ dj are the mutual friends of user i and user j; 
di ∪ dj are the union set of friends of user i and 
user j. The greater the INTij ∈(0, 1), the higher 
the intimacy between users i and j.
The objective factors affecting whether a user 
completes an interaction about a short view can 
be characterized by the probability CH of user 
j, which is predicted to complete interaction, 
completing the interaction on that video:

CH = β1ξj-l + β2cosj-l               (21)

Figure 6. Framework of user interaction analysis for decision-making of short video pushing.
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Parameters β1 and β2 can be adjusted according 
to the specific type of interaction, provided that 
β1 + β2 = 1.
The subjective factors can be characterized by 
the subjective influence SU0 of user i starting 
the interaction on user j responding to the in-
teraction:

SU0 = α1*INTi, j + α2 * EOCi         (22)
Parameters α1 and α2 can be adjusted according 
to the specific type of interaction, provided that 
α1 + α2 = 1.
During the decision-making of short video 
pushing, the influence of the user starting the in-
teraction on the user responding to the interac-
tion accumulates with time, rather than diminish 
over time. Once the cumulative influence sur-
passes the interaction activation threshold for 
the responder, the user responding to the inter-
action will be activated to interact with the initi-
ator. The threshold can be described by a linear 
model, where the number of neighbors interact-
ing with user j is denoted as MNE-j, i.e., the total 
number of users capable of interacting with user 
j. Following the most basic mode of short video 
pushing, the probability CH' for user i to start 
the interaction with user j can be calculated as:
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During the interaction, a user prefers to interact 
with those sharing a highly similar preference 
for short videos with him/her. For the indepen-
dent cascading model, the subjective influence 
of user i starting the interaction with user j re-
sponding to the interaction is denoted as SU0. 
Then, the probability CH'' for user i to start the 
interaction with user j can be calculated as:
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The short video pushing decision is executed 
differently on different OSVPs. Let mE be the 
number of interacting users in the interaction 
network of user i; mi be the total number of that 
network; φ1 and φ2 be two adjustment parame-
ters (φ1 + φ2 = 1). Then, the evaluation function 
can be defined as:
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The greater the utility Vi of the short video 
pushing decision, the greater the proportion of 
users capable of interaction in the platform, and 
the better the short video pushing effect of the 
platform.

6. Experiments and Results Analysis 

As mentioned before, the desired clustering re-
sults on user preference for short videos should 
minimize intra-class distance and maximize in-
ter-class distance. In this section, comparative 
experiments are conducted by clustering the 
short video preferences of 4,100 OSVP users 
with different methods. Figures 7 and 8 show 
the variation of inter-class separation and in-
tra-class cohesion of 120 users, respectively. It 
can be seen that our clustering method achieved 
a better clustering effect than traditional algo-
rithms like KMC and FCM.
Under a small historical dataset, this paper 
compares the mean utility of user interactions 
with different types of short videos, using lin-
ear threshold model and independent cascading 
model. The results are shown in Figure 9, where 
the x-axis is the user number in user interaction 
network, and the y-axis is the mean utility over 
100 short videos. Due to the small size of user in-
teraction network, zero-interaction subnetwork 
might easily occur. It can be seen from Figure 
9 that there was a difference between the mean 
interaction utility obtained by linear threshold 
model and that obtained by independent cascad-
ing model. The latter model achieved a much 
higher mean utility than the former. The reason 
is that the linear threshold model considers the 
probability of user interaction as irrelevant to 
the friendship of the responder, while the inde-
pendent cascading model takes account of the 
preference and intimacy of the responder before 
the user starting the interaction, which makes 
the interaction more pertinent.
Under the same small historical dataset, this pa-
per further compares the mean interaction cost 
with different types of short videos, using lin-
ear threshold model and independent cascading 
model. The results are shown in Figure 10, where 
the x-axis is the user number in user interaction 
network, and the y-axis is the mean cost over 
100 short videos. More users completed inter-
actions under the independent cascading mod-
el than those under the linear threshold model, 

preference, a group with row vector TIi = (TIi-1, 
TIi-2,..., TIi-w) could be attained to represent the 
dwell time ratio of each user. To make a deci-
sion ψl = (LAl, LOl, POl, Cl, Nl) on short video 
pushing, the first step is to locate the push time 
to the current time window w according to the 
properties of the short video. Then, the dwell 
time of user i in time window w determines 
the probability ψl of completing an interaction 
within that time window. The probability ψl of 
completing an interaction about a short video 
can be calculated as:

ξi-l = TIi-w                       (17)
Equation (17) shows that, the greater the value 
of ξi-l, the more likely for user i to complete an 
interaction about the short video; the inverse is 
also true.
Based on user behavior centroid, it is possible 
to calculate the distance ξi-l between the user 
and the short video pushing, which completes 
the interaction. Let ξi-l be the distance between 
user i and interaction ψl; ξran be the distance be-
tween user i's behavior centroid and interaction 
ψl; ξmax and ξmin be the maximum and minimum 
distances between a friend user of user i and 
interaction ψl. Then, we have:
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Equation (18) shows that, the smaller the ξran, 
the greater the ξi-l, the more likely for user i to 
complete interaction ψl. The inverse is also true.

Then, the probability for a user to complete in-
teraction Tk can be calculated based on the com-
plete set of user preferences for short videos Oi 
= (Oi-1, Oi-2, ..., Oi-k). Let ITl be the user pref-
erence for the preferred class of Tk. Then, the 
cosine similarity cosi-l between the preferred 
class of Tk and user preference for short videos 
can be calculated by:

cosi-l = cos(Oi, ITl)                 (19)
From cosi-l, it is possible to further compute the 
matching degree between user i and interaction 
ψl.
Related to interaction intensity and mutual 
friends, the intimacy INTij between users i and j 
can be calculated as:
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where FRij is an indicator of the friendship be-
tween users (if FRij = Eij, then user i is a friend 
of user j, while if FRi-j = 0, then user i is not a 
friend of user j); di and dj are the interaction 
networks of user i and user j, respectively; di 
∩ dj are the mutual friends of user i and user j; 
di ∪ dj are the union set of friends of user i and 
user j. The greater the INTij ∈(0, 1), the higher 
the intimacy between users i and j.
The objective factors affecting whether a user 
completes an interaction about a short view can 
be characterized by the probability CH of user 
j, which is predicted to complete interaction, 
completing the interaction on that video:

CH = β1ξj-l + β2cosj-l               (21)

Figure 6. Framework of user interaction analysis for decision-making of short video pushing.
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Under a large historical dataset, this paper 
compares the mean utility of user interactions 
with different types of short videos, using lin-
ear threshold model and independent cascad-
ing model. The results are shown in Figure 
11, where the x-axis includes 350 users and 
their user interaction network, and the y-axis 

is the mean utility over 100 short videos. The 
experimental results were not very different 
from those on the small historical dataset. 
But the mean utility of users completing in-
teraction in the independent cascading model 
was far higher than that in the linear threshold 
model.

be differences in the execution effect of the al-
gorithm. The average cost it takes for users to 
complete interactions was analyzed in the case 
of a small-scale history dataset, however, under 
normal conditions, the historical dataset has a 
large sample size, the proposed algorithm would 
exhibit more obvious advantages in terms of 
large-scale history datasets. 

which pushes up the cost of interaction under 
the former model. This is because linear thresh-
old model targets short videos pushed aimlessly, 
while independent cascading model fully con-
siders the execution rate of the responder before 
an interaction is even started, that is, ensures 
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Under a large historical dataset, this paper 
compares the mean utility of user interactions 
with different types of short videos, using lin-
ear threshold model and independent cascad-
ing model. The results are shown in Figure 
11, where the x-axis includes 350 users and 
their user interaction network, and the y-axis 

is the mean utility over 100 short videos. The 
experimental results were not very different 
from those on the small historical dataset. 
But the mean utility of users completing in-
teraction in the independent cascading model 
was far higher than that in the linear threshold 
model.

be differences in the execution effect of the al-
gorithm. The average cost it takes for users to 
complete interactions was analyzed in the case 
of a small-scale history dataset, however, under 
normal conditions, the historical dataset has a 
large sample size, the proposed algorithm would 
exhibit more obvious advantages in terms of 
large-scale history datasets. 

which pushes up the cost of interaction under 
the former model. This is because linear thresh-
old model targets short videos pushed aimlessly, 
while independent cascading model fully con-
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7. Conclusion

This paper explores the user interactions on 
OSVP. The authors first established an OSVP 
user interaction model, and then analyzed the 
user preference for short videos and the features 
of user interactions. After that, the user interac-
tion was investigated to facilitate the decisions 
on short video pushing. Through experiments, 
the inter-class separation and intra-class cohe-
sion of user preferences were obtained, which 
demonstrate that our method outperforms tra-
ditional KMC and FCM. In addition, the mean 
utility and mean cost of users completing in-
teraction, using linear threshold model, were 
compared with those using independent cascad-
ing model, on both small and large historical 
datasets. Finally, the degree centrality indices 
were summarized to obtain the in- and out-de-
gree centralities of the user interaction network 
for short videos. This research topic has a large 
scope, so we only selected two aspects: the in-
fluencing factors and the features to study the 
information interaction behavior. Some aspects 
hadn't been fully considered, such as the selec-
tion of subjects and the time variability of users' 
requirements for information. These aspects 
need to be studied further in the future. 
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