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Abstract – The problem of developing an online video 
platform with a context-aware content-based recommender 
system has been considered. Approaches to developing online 
video platforms have been considered. A comparison of 
popular online video platforms has been presented. A method 
of context-aware content-based recommendation of videos has 
been proposed. A method involves saving information about 
user interaction with video, obtaining and storing information 
about which videos the user liked, determining user context, 
composing a profile of user preferences,  composing a profile 
of user preferences depending on context, determining the 
similarity between the video profile and a profile of user 
preferences (with and without context consideration), 
determining the relevance of the video to the context, the 
conclusive estimation of the relevance of the video to the user's 
preferences based on the proposed composite relevance 
indicator. The developed structure of online video platform 
has been presented. The algorithm of its work has been 
considered. The structure of the online video platform 
database has been proposed. Features of designing the user 
interface of the online video platform have been considered. 
The issue of testing the developed online video platform has 
been considered.  

Index Terms: online video platform, context awareness, 
content-based recommender system  

I. INTRODUCTION 
With the development of computer and information 

technology, it has been possible to take an incredible step 
towards automation and simplification of various aspects of 
human life. You can do many things with your computer: 
search for information, structure data, perform complex 
calculations, and generally simplify various processes. One 
of the important areas of application of information 
technology has been the creation, storage and viewing of 
digital video. At the same time, the amount of video data of 
different content is growing rapidly. Accordingly, the need 
for different means of storing and viewing video data is 
growing. Therefore, the development and implementation 
of online video platforms is an increasingly important issue 
[[1]-[5]]. Examples of using online video platforms include: 
creating and maintaining personal or shared video archives, 
storing and viewing entertainment content, working with 
video data in distance learning and online education, storing 

video data from video surveillance systems and video 
recording systems, saving training video data sets for 
machine learning systems, etc. 

Given the large number of videos stored on online 
video platforms, there is a problem of finding such videos 
that could be of interest to the user [[6]-[8]]. The main 
approach to solving this problem is the development and 
use of recommender systems [[9]-[21]]. At the same time, 
due to the development of mobile computing technologies, 
the concept of context-aware computing is becoming an 
increasingly popular research area [[22]-[28]] with the 
further prospect of developing context-aware recommender 
systems [[29]-[34]]. 

This paper presents the results of the development of 
an online video platform with a context-aware content-
based recommender system. The main functions of the 
developed online video platform are the following: 
1) storage of video data on the platform server; 2) viewing 
video data in the mode of video stream transmission from 
the server; 3) creation of a new channel, within which its 
owner can add new videos; 4) rating and commenting on 
the video, the ability to subscribe to the channel; 5) context-
aware content-based recommendation of videos; 6) the 
possibility to edit the user profile; 7) the possibility to 
distribute video on social networks.  

The online video platform is universal and can be 
configured to run on both local and remote servers. The 
client side of the online platform is implemented as a web 
application using the Java programming language, XML 
and the Hibernate framework. The server side of the online 
platform is implemented using MySQL Server. 

II. APPROACHES TO DEVELOPING ONLINE VIDEO 
PLATFORMS 

The problem of developing online video platforms has 
many aspects, including the optimization of appropriate 
software solutions, monitoring and load balancing, user-
friendliness of the user interface, the effectiveness of the 
recommender system and many others. Let’s consider 
approaches to creating online video hosting platforms on 
the example of some well-known platforms. 

The D.Tube platform is a crypto-decentralized online 
video platform, built on top of the STEEM Blockchain and 
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the IPFS peer-to-peer network. The D.Tube platform is 
decentralized, i.e. all information downloaded by users is 
stored in a blockchain, which ensures the confidentiality of 
the author's personal data and the preservation of his 
content. It should be noted that D.Tube does not contain 
censorship, i.e. the uploaded video is not moderated: the 
power to control, analyze and evaluate content is fully 
transferred to viewers, which is both an advantage and a 
disadvantage of the platform. 

The Vimeo platform is designed to host video content 
that is directly related to art. The platform allows the user to 
distribute their video content to a wide audience and receive 
feedback in the form of comments under the video. The full 
functionality of the platform is paid, which can be 
considered a disadvantage. As well as on the D.Tube 
platform, there is no advertising on this platform.  

The Twitch platform is designed for online video 
broadcasts. The main type of video content on this platform 
is streaming video games, including e-sports broadcasts. An 
additional option is online chat, which allows to 
communicate during the broadcast, which further attracts 
users to the platform. The Twitch platform contains various 
mechanisms for advertising and monetizing video content. 

YouTube is the world's most popular online video 
platform. Platform users can add, view and comment on 
videos. Due to its simplicity and ease of use, YouTube has 
become one of the most popular video hosting platforms. 
YouTube uses artificial intelligence algorithms to 
recommend a video to a user according to their preferences. 
The advantage of YouTube is cross-platform, i.e., the 
ability to watch videos from almost any modern mobile 
device or computer. 

These platforms can be compared in terms of 
availability, ease of use, cross-platform, versatility, 
reliability and efficiency. The results of the comparison on a 
ten-point scale are shown in Table 1. 

III. CONTEXT-AWARE CONTENT-BASED 
RECOMMENDATION 

As part of the developed video platform, a context-
aware content-based recommender system has been 
implemented. In this case, the items recommended to the 
user are videos uploaded to the server and configured for 
viewing by other users. The set of such videos is denoted as 
V={v}. The set of features of a video is denoted as Q={q}. 
Examples of features in the set Q can be: video genre, video 
duration, the date and time of uploading the video to the 
platform, the author of the video, a set of tags that 
characterize the content of the video, etc. Each of the 
features can take values from the corresponding set of 
values Y(q)={y1,y2,…}. Therefore, each video v can be 
matched with its profile (item profile) in the form of a set of 
pairs (feature, value): VP(v)={(q,y)}. 

All users registered in the platform have the 
opportunity to watch videos that are shared with other users. 
The set of users is denoted as U={u}. During user u 
interaction with multiple V videos (viewing, rating, 

commenting), the system collects information about which 
videos the user liked and how much. The following factors 
are taken into account: 

p1 - number of video v views by user u, 
p2 - time of last viewing, 
p3 - duration of one video viewing (average duration in 

case of several views), 
p4 - rating that the user gave the video (including no 

rating), 
p5 - the presence of comments about the videos added 

by the user, and their number, 
p6 - the size and content of comments added by the 

user, including their emotional color, 
p7 - time of last video comment. 
The system implements the possibility to add other 

factors and remove previously added ones. 
For each user u, the collected information is stored as a 

set 
UV(u) = {(v1,w1), (v2,w2), …},    (1) 

where {vi} is the video viewed by the user, and {wi} is 
a generalized indicator of how much the user u liked the 
video, such as wi[0,1]. The value of wi will be the greater, 
the more a user liked the video. For each video viewed, the 
value of w(v) is determined using the FW function: 

w(v) = FW(p1, p2, p3, p4, p5, p6, p7).    (2) 
Based on UV(u) and {VP(v)}, by aggregating the 

profiles of those videos that the user liked, a profile of the 
user's preferences UP(u) ={(q,y)} is formed, which has the 
same appearance as the profile of a video, i.e. it is a set of 
pairs (feature, value). To do this, we use the FA aggregation 
function: 

UP(u) = FA(UV(u), {VP(v)}),     (3) 
where UV(u) is information about the user's 

interaction with the video, {VP(v)} is the set of profiles of 
those videos that the user liked. The system implements the 
possibility to use different variants of the FA aggregation 
function. By default, for each feature q the aggregation 
function calculates its average value based on the values of 
{q} in the profiles of those videos that the user liked, and 
the values of {w} from UV(u), which are used as weights. 

Based on the idea of content-based recommendation, 
the measure of similarity FS is used to determine which 
videos the user might like. Using FS we can find videos 
whose profiles VP(v) in the parametric space are closest to 
the user profile UP(u) of the user u. That is, FS is used to 

Table 1 

Comparative characteristics of online video platforms 

Characteristic D.Tube Vimeo Twitch Youtube 

Availability 8 2 4 7 
Ease of use 7 8 7 10 
Cross-platform 8 6 8 8 
Versatility 10 4 4 10 
Reliability 8 8 8 10 
Efficiency 8 7 7 9 
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find among all videos {V} those that are closest in their 
features {(q,y)} to the user's preferences. Thus, for each 
video v, one can calculate the similarity of its profile VP(v) 
to the preferences of the user UP(u): 

DS(v) = FS(VP(v), UP(u)).     (4) 
As a measure of similarity in our recommender system 

we use cosine similarity [21]: 

 ,   (5) 
where DS[-1,+1] is similarity value; qi(v) is the 

feature of the video v from its profile VP(v); qi(u) is the 
corresponding feature from the profile of user’s preferences 
UP(u); n is the number of features of the video. The smaller 
the DS value, the more the video profile differs from the 
user's preferences, and vice versa, the larger it is, the more 
the video profile is similar to the user's preferences. 

The context-awareness of the recommendation is 
provided on the basis of the concept of context-aware 
computations [[22]-[28]] and the ideas of context-aware 
recommendation [[29]-[34]]. The current context 
determines the situation in which the user views the video, 
in its various aspects, which are reflected in the context 
model. The context model is given by a set of context 
parameters C={c}. The system supports the following 
context parameters: 

c1 - location of the user at the time of watching the 
video, 

c2 - current time, 
c3 - the total time, during which the user watches 

videos on the platform, 
c4 - the type of device on which a user views the video, 
c5 - the type of network connection between the user's 

device and the online video platform. 
The system implements the possibility to add other 

context parameters and remove previously added ones.  
Each context parameter can take values from the 

corresponding set of values X(c) = {x1,x2,...}. A separate 
instance of the context s (hereinafter simply the context) of 
the user is given by a set of pairs (parameter, value): 
s=UC(u)={(c,x)}, sS, where S is the space of all possible 
contexts. At one point in time, user u is in some context 
s=UC(u). The current context is determined by the 
corresponding context definition module (Fig. 1. The 
outline of the general structure of the online video platform 
with 
a context-aware content-based recommender system.). 

Context-awareness in the system is considered in the 
following two aspects.  

1) The relevance of the video to the context without 
taking into account the user's preference profile. For each 
video, information is stored about the context in which it 
was viewed and how many times (regardless of which user 
viewed the video). That is, if the video was viewed in the 

context s, the corresponding counter will be increased by 
one. As a result, for each video v and each instance of 
context s, the index of the relevance of video to the context 
G(v,s)[-1,+1] is calculated. The more often the video v is 
viewed in the context s, the greater the value of G(v,s) is 
and vice versa.  

2) The relevance of the user’s preference profile to the 
context. For each instance of context s we store and use its 
own version of information about which videos the user 
liked when watching them in context s. That is, in addition 
to the general set UP(u), the system stores the set UP(u,s) 
for each instance of the context s. Accordingly, the FA 
aggregation function determines the user’s preference 
profile in the context s:  

UP(u,s) = FA(UV(u,s), {VP(v)}),    (6) 
where {VP(v)} is the set of profiles of those videos 

that the user liked when watching them in the context s. 
Thus, for each video v one can calculate the similarity of its 
profile VP(v) to the preferences of the user UP (u,s) in the 
context s:  

DS(v,s) = FS(VP(v), UP(u,s)).     (7) 
The conclusive composite indicator P(v,u,s) of 

relevance of the video v to the user u preferences taking into 
account the context s is defined as the weighted sum of 
three terms: 

1) similarity of the video profile VP(v) to the profile of 
preferences of the user UP(u), 

2) relevance of the video to the context without taking 
into account the user's preference profile, 

3) relevance of the video profile VP(v) to the profile of 
the user's preference UP(u,s) in the context s. 

Namely, 
P(v,u,s) = kDDS(v) + kCG(v,s) + kSDS(v,s), (8) 

kD + kC + kS = 1,      (9) 
where kD,kC,kS[0,1] determine the weight of the 

corresponding terms. The larger the value of P(v,u,s) is, the 
more video v corresponds to the preferences of user u, 
taking into account the context s. The larger the values of 
the weight kC and kS are, the more the context-awareness is 
taken into account. 

The procedure for getting a context-aware 
recommendation of the video is as follows: 

1) Save information about user interaction with the 
video. 

2) Get and save information about which videos the 
user liked UV(u). 

3) Determine the current context s. 
4) Create a profile of user preferences UP(u). 
5) Create a profile of user preferences UP(u,s) in the 

context s. 
6) Determine the similarity of the profile of each video 

to the preferences of the user: DS(v). 
7) Determine the similarity of the profile of each video 

to the profile of user preferences in the current context: 
DS(v,s). 

8) Determine the relevance of each video to the 
context G(v,s). 
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9) Determine for each video its composite relevance 
indicator P(v,u,s). 
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Fig. 1. The outline of the general structure of the online video platform with 
a context-aware content-based recommender system. 

10) Recommend to the user the first N videos from the 
list, sorted in descending order of the value of the composite 
relevance indicator P(v,u,s). 

IV. THE STRUCTURE OF THE ONLINE VIDEO 
PLATFORM 

The online video platform is based on a client-server 
model. The main functionality is implemented in the 
following modules (Fig. 1. The outline of the general 
structure of the online video platform with 
a context-aware content-based recommender system.): 
users, channels, videos, comments, video ratings and 
recommendation system. Working with users includes user 
registration and authorization, as well as user data 
management. Working with channels includes adding and 
deleting channels, as well as managing channel data. 
Modules for adding and deleting video comments and 
ratings are also implemented in the structure. Working with 
video includes adding and deleting video, managing video 
data and watching videos (encoding, decoding, streaming 
video). The recommendation system includes modules that 
implement the context-aware content-based 
recommendation method discussed above. The modules of 
the recommendation system directly interact with the 
modules of the video viewing subsystem (Fig. 2. The 
outline of the detailed structure of the online video platform 
with  
a context-aware content-based recommender system.). 

ALGORITHM OF OPERATION OF THE ONLINE 
VIDEO PLATFORM 

The algorithm of the online video platform includes 
the algorithm of the server component and the algorithm of 
the client component. The algorithm of the server 
component contains the necessary sequence of operations to 
work with users, channels, videos, comments, video ratings 
and a sub-algorithm of the recommender system. The 
algorithm of the client component describes how the user 
has access to the main functionality of the system 
implemented in the server component. In particular, the 
client algorithm contains the necessary sequence of 
operations for authorization and registration of users, 
entering user login and password, checking the correctness 
of user input, creating a new channel, viewing the contents 
of an existing channel, adding new video to the channel, 
watching videos, adding comments to the video, adding 
video ratings, subscribing to the channel, etc. 

V. THE STRUCTURE OF THE ONLINE VIDEO 
PLATFORM DATABASE 

The database of the online video platform is 
implemented on the basis of MySQL Server. The database 
structure implements all the necessary tables, fields and 
relationships between tables to store platform data. The 
main part of the database structure (Fig. 3. The outline of 
the Database structure of the online video platform.) 
contains the following tables: the user table is used to store 
information about users of the service; the 
channel_subscriber table stores data about the channel and 
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subscribers, i.e. it is an intermediate table for implementing 
a many-to-many relationship between the channelpage and 
user tables; the channelpage table contains information 
about the channels created by the users; the comment table 
contains data about the comments left by users under the 
video; the innercomment table stores information about 
nested comments (sub-comments) within one (main) 
comment; the mylike table contains data about the ratings 
that users make 



Online Video Platform with Context-aware Content-based Recommender System 7 

 

Fig. 2. The outline of the detailed structure of the online video platform with  
a context-aware content-based recommender system. 
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Fig. 3. The outline of the Database structure of the online 
video platform. 

videos; the video table stores information about the video 
uploaded by users. 

VI. THE USER INTERFACE OF THE ONLINE VIDEO 
PLATFORM 

The client component of the online video platform is 
implemented in the form of a web application. Accordingly, 
the user interface looks like a multi-page website. Java and 

JavaScript programming languages were used in the 
development of the user interface, as well as the XML and 
the Hibernate framework. The user interface implements 
two independent sections: the platform user interface and 
the platform administrator interface. The platform user 
interface contains a window for user authorization, the main 
working window, a window for watching videos, a window 
for downloading videos, a window for creating a channel, a 
window for viewing created channels, a window for 
viewing user profile information with the possibility to edit 
it (Fig. 4. Example of the client interface: user profile.) and 
others. The platform administrator interface provides basic 
functions for managing the platform, user data and service 
data. 

 

Fig. 4. Example of the client interface: user profile. 

 

Fig. 5. The results of load testing of the server side of the 
online video platform. 

VII. TESTING THE ONLINE VIDEO PLATFORM 
The operation of the online video platform was tested 

in three aspects: the correctness and efficiency of the server 
side (including load testing), the correctness of the client 
side, the efficiency of the recommender system. The testing 
confirmed the absence of critical errors in the operation of 
the online video platform. During the testing of the 
efficiency of the server side, the maximum trouble-free 
server load was determined (Fig. 5. The results of load 
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testing of the server side of the online video platform.) 
using the Apache JMeter tool. Testing the client side for 
errors helped to significantly improve the performance of 
platform algorithms and improve the functionality of the 
client side. Testing was performed modularly. Two methods 
were used during testing: black-box testing and white-box 
testing. 

VIII. CONCLUSION 
The problem of developing an online video platform 

with a context-aware content-based recommender system 
has been considered. Approaches to developing online 
video platforms have been considered. A comparison of 
popular online video platforms has been presented. A 
method of context-aware content-based recommendation of 
videos has been proposed. A method involves saving 
information about user interaction with video, obtaining and 
storing information about which videos the user liked, 
determining user context, composing a profile of user 
preferences, composing a profile of user preferences 
depending on context, determining the similarity between 
the video profile and the profile of user preferences (with 
and without context consideration), determining the 
relevance of the video to the context, the conclusive 
estimation of the relevance of the video to the user's 
preferences based on the proposed composite relevance 
indicator.  

The developed structure of the online video platform 
was presented. The algorithm of its work was considered. 
The structure of the online video platform database was 
proposed. Features of designing the user interface of the 
online video platform were regarded. The issue of testing 
the developed online video platform was tackled. The 
testing confirmed the absence of critical errors in the 
operation of the online video platform. 
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