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PRINCIPLES OF SEARCHING AND SORTING OPTIMIZATION
IN SOCIAL NETWORKS USING A MULTI-FACTOR ASSESSMENT SYSTEM

The analysis of social networks, which focuses on the relationship between social entities today is an area of
active research. It is a set of tools for research, in particular, in combination with artificial intelligence methods
such as machine learning, deep learning. The paper examined the current quality of the assessment of information
in social networks, analyzed the methods of searching and sorting information in various social networks, as well
as the process of providing recommendations to users. Social media data is an inexhaustible source of research
and business opportunities. In general, social media data is information gathered from social networks that shows
how users interact with content. Methods of improving search results for personalizing recommendations in social
networks are given. These indicators and statistics provide an effective understanding of the strategy of behavior in
social networks. The advantages and disadvantages of a multifactor assessment system are considered. The possible
ways of integrating the combined system of evaluating information elements by the user to optimize search queries

and filtering big data are identified.
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Introduction

Social networks are the main direction of dissemi-
nation of information on the Internet in recent years.
Most of them use a news feed for distribution of records
among users.

Social media data is the source that comes from de-
veloping or analyzing social networks. After extracting
data, analytics is used to sort out raw information. The
more data can be collected, the more informed deci-
sions can be made, which will lead to a better result.

Due to the need of providing relevant information,
the actual problem is to optimize the searching and filter-
ing the data provided to the user while viewing the feed.

The purpose of this research — analyze the basic al-
gorithms and methods of searching, filtering and sorting
information in social networks, possible ways of their
optimization and implementation of these methods to
the existing and future networks.

To achieve a goal, the following tasks were set:

* to analyze the basic methods of information search
in social networks;

* to formulate possible ways of optimization the sort-
ing and filtration of records in the news feed;

* toexplore possible options for implementing the ob-
tained methods to the existing social networks.

1. Analysis of the research problem

Before determining the social profitability of invest-
ments, it is necessary to first identify key performance
indicators (KPI). These are the various business indica-
tors used to measure and measure success. KPI of social
networks are indicators that will help suggest what gives
results and what does not. In other words, it is necessary
to have data, which key performance indicators of so-
cial networks should be monitored and analyzed. Only

then can one understand by metrics whether a social
strategy is being implemented.

For more than 20 years of history of the social net-
works’ existence, the principles for creating a news
feed were largely based on user activity [1]: the posts of
friends/subscriptions, groups, and other news sources.
In the search process, to sort the found information,
initially there was used only the number of preferences
(likes) received by a post. During the process of devel-
opment of neural networks and artificial intelligence,
their achievements began to be used to form a “smart”
news feed and sort provided information, both in gen-
eral terms and for each user separately. The relevance
of each record is now calculated not only by the total
number of preferences, but also by the number of views,
related to the subject of the news feed [2].

One of the most important moments when collect-
ing data in social networks is the availability of suf-
ficient information for making an reasoned decision.
Understanding user behavior and preferences is impor-
tant for any business purpose: from determining what
content people want to see, to controlling the mood of
the community as a whole. The data exists regardless of
the network in which the need for research arises: the
question is in carrying out the necessary analysis.

Data-driven marketing is the process of obtaining
information based on the analysis of indicators extract-
ed from large data on consumer interaction in order to
make predictions about future behavior. By collecting
data in social networks using targeted platforms, it is
possible to make the process of making business deci-
sions more balanced.

Despite the progress in the development of social
networks, they have one serious disadvantage. Since
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most networks use likes (or their counterparts) to get

a response from users [3], for the analysis of user pref-

erences, the algorithms for providing information can

only be guided by binary factors (like/dislike). Such a

model cannot fully provide a clear assessment and feed-

back of the extent and the context derived from the user
who liked a post.

Take for example one of the most popular social net-
works — Twitter. Twitter has two basic parameters for
evaluating each post (tweet):

» the number of likes (bookmarks). It has two usage
options: “liked” (the user rated a tweet) and “not
defined” (the user did not rate a tweet);

+ the number of retweets (allows to share tweets on
your page). Also, it has only two states: the user ei-
ther shared a tweet or not;

» the owner of the tweet. It allows to focus on the
number of author’s subscriptions to be displayed in
the search top.

Twitter has two methods for displaying found tweets:
top results for the latest time and tweets sorted by date
of publication. The formation of the top is most influ-
enced by the status of the tweet’s author (number of
subscribers, total activity). The number of retweets and
likes [4] affect tweet’s rating less significantly.

The first problem of forming the top of the tweets
when searching on Twitter is the universality of the
results. The search considers only the user’s location
(country and city) to create the feed of tweets. There
is no more personalized search, since the feedback to
users is quite low.

The second problem follows from this: Twitter does
not have a unique method for analyzing user actions,
since the likes are acting as favorites and cannot be used
for real evaluation, and the number of retweets is not
informative option for content creation algorithms.

So, the general problem of social networks is pay-
ing little attention to active user actions [5]. To create
a news feed, they involve highly effective algorithms
for machine learning, which should predict what might
be liked by a user without having enough information.
Due to this, search results in social networks are rath-
er approximate, this may lead to an information col-
lapse against the backdrop of exponential growth in the
amount of data in the Internet, depriving many users
of the benefit of one of the most valuable information
sources.

3. Institution of segmented grading scale

For more detailed feedback from the reaction of us-
ers to an information post, it is necessary to expand the
simplified scheme of a post evaluation in a social net-
work.

Instead of using likes, the notion of rating ranking
is introduced. This rating should have a differentiated
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scale, depending on the required degree of detail. Major
scales may range from 1 to 5 (like a five-point rating sys-
tem used by some educational institutions) and a scale
from 1 to 10 (due to the use of the decimal number sys-
tem). In addition, since the emoji have become widely
popular recently, they can also be used as an emotional
assessment (from annoying emotion to satisfaction one,
from a sad one to a fun one, etc.).

As the system of records evaluation, in the form of
likes, has an advantage in the form of greater ease of use
[6], to implement a segmented scale, it will be neces-
sary to re-engineer the user’s post evaluation interface
to maintain satisfactory ease of use.

The segmented scale requires one action more than
the likes system (in the worst situations, where the scale
is highly differentiated, there may be needed more ac-
tions, but such options are not considered here). In
addition, for web-based systems and high-resolution
smart devices, additional actions may not be even need-
ed — the whole scale can be compactly positioned on
the user’s screen. Considering that such a system will
not greatly influence the usability of the evaluation, it
can be assumed that such a method would not cause
dissatisfaction with users.

The segmented scoring scale is now used in many
online services: movie evaluation systems, mobile app
distributors (Google Play), online stores (AliExpress,
Rozetka), and more. It should be noted that the rat-
ing scale has already been applied to social networks.
An example is a network, where the scale from 1 to 5 is
used to evaluate photos. But due to incorrect design and
lack of a logical context on the rating scale, this rating
system was not able to get the right value.

A differentiated scale affects several aspects of social
networking optimization. Thus, the user is given a wid-
er choice to evaluate an item: instead of one option, he
can choose from several (depending on the segmenta-
tion of the scale). In addition, users can express a nega-
tive reaction using low scores on the scale (like the score
on Google Play, where the dissatisfied users give an app
1-2-star, etc.).

From the point of view of the internal structure of
the social network, the assessment scale will help to
optimize the statistics for an information element [7].
Instead of prioritizing the quantitative factor of evalua-
tion (total number of likes), the qualitative factor (num-
ber of positive assessments and average score) is now on
the foreground.

Also, in addition to the information item ratings, the
segmented scale can optimize the recommended entries
that are provided to the user. Now, recommendations
can consider not only the records that were reviewed
and approved by the user, but also their overall rating
and preferences of the user (evaluation of related re-
cords). This will create an additional impact factor on
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search results and recommendations that will make
them more differentiated and independent for each
network user.

The algorithm for ranking of the record displayed in
the search results should change according to the en-
tered scale. For a social network with estimates in the
form of likes, in the simplest form it may look like this:

R=K *likes (1)

R — overall post’s rating; K — the user influence factor
(calculated for each network separately, depends on the
user’s environment and their activity); /ikes — the number
of likes received by a post.

The easiest version of a ranking with a segmented
scoring scale is as follows:

R=K * SUMyae ()
totalRate
sum,,,,— the total sum of received rating; fofal/Rate — the
maximum amount of ratings for a post (the number of
ratings multiplied by the maximum rating value in nu-
merical form).

Given that most modern systems use a special policy
for minimum and maximum ratings to protect against
deliberate increase of the rating, the formula (2) allows
you to enter the coefficients of the significance of each
estimate from a segmented scale. Then the formula will
look like this:

. D (rate; * ratekK,)

total Rate

R=K

3)

rate; — the i-th element of the assessment scale in nume-
rical form; rateK; — the coefficient of significance of the
i-th element of the scale.

Therefore, a segmented scale for rating of informa-
tion elements leads to more feedback from the user,
which can help to customize the data filtering for each
user more independently.

3. Assessment of the information post by factors

One of the major drawbacks in the evaluation of in-
formation elements with the help of the likes is the lack
of a concrete reason for the assessment or its absence
[8]. This system partially answers the question “Did the
user like this item?”, Which has options for “Yes” and
“Not at all”. Such an assessment is not very informative
for the search algorithms of the social network, there-
fore for its additional analysis, the subject of the element
and its affinity with other elements are considered.

The answer to the question “What exactly the user
liked the item?” should expand the range of possible
choices for the user. One of the possible solutions to this
problem is the introduction of factors for the evaluation
of information elements.

Evaluation factor is the unit of evaluation of the in-
formation element in the social network. It is an analog

of the like, but it has a certain context or category that is

used to specify the user’s motives.

Compared to the segmented scale, which is respon-
sible for the quantitative assessment of the elements, the
task of the factor system is a qualitative analysis of data
and obtaining reasons for the preference of an element
by the user.

The factors can be categorized according to their
versatility, way of display, and the purpose.

In terms of universality, the factors are divided into:
» general — can be applied to any information ele-

ments, there are universal evaluation options (for

example, “Utility”, “Relevance”, “Truth”, etc.);

» gspecific — inherent to elements of a certain type
or certain subjects (for example, factors such as
“Perspective”, “Processing”, “Exposition”, etc.)
can be used for evaluation of the photographer
works;

» custom — factors created by the user for an individu-
al assessment of the information element.

By the way of displaying, factors can be divided into:
* linguistic (verbal) — transmit values using words and

phrases;

 figurative (graphical) — transmit values using images
(pictures, emoji, etc.).

By the purpose, the factors are:
 statistical — used to consider the popularity and cal-

culation of the overall rating of the information ele-

ment;

* logical — used as a voting system, have several alter-
native choices for shaping further actions and mak-
ing decisions based on user ratings;

* emotional — used as a psychological element evalua-
tion; have a similarity to a segmented scale of evalu-
ation (when using a scale of images), but they focus
not on the quantitative but on the qualitative char-
acteristics of the element.

The introduction of the factor system of evaluation
takes place by increasing the number of factors of evalu-
ation from one (likes) to several. At the same time, the
main disadvantage of such a system is an increase in the
complexity of the element’s evaluation by the user. In
terms of the latter, the complexity increases in propor-
tion to the number of factors. By Miller’s law [9] (about
the number of objects an average person can keep in
working memory), the maximum number of factors for
evaluating one element should be 7 (* 2) variants.

Despite the mathematically increasing complex-
ity of the factor system evaluating, many users already
have experience working with such a system. Facebook,
Github, and Stack provide the evaluation feature with
emoji, which is one of the options for factor estimation,
so in practice, the introduction of the multifactorial sys-
tem will not cause inconvenience when evaluating the
information elements of the network.
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From the point of view of the internal structure of
the social network, the introduction of the multi-factor
evaluation system can greatly affect the algorithms for
data search and filtration [10]. Like filtration systems
in online stores, factors can be considered when getting
search results, while reducing the number of possible
variations and increasing their quality.

If we consider as the basic formula of the rating of an
element for a one-factor evaluation system formula (2),
then when introducing a multi-factor system, the for-
mula of the element rating in filtering by a factor takes
the following form:

JactorsCount

R =K * 4

sum( factors Count)

R + — post rating when filtering by selected factor;
JactorsCount, — the number of element ratings for the
selected factor; sum( factorsCount) — the number of
element ratings by all factors.

To form a general assessment based on factors, coef-
ficients of the influence of a factor on the overall assess-
ment of the element can be introduced. In this case, the
formula for the overall rating of the item becomes the
following:

g S(K/ *factorsCount,)
- totalRates Count

R )

K/ — the coefficient of influence of the i-th factor
on the overall rating; factorsCount, — the number
of element ratings on the i-th factor; fotal/Rates Count —
the total number of element ratings by all factors.

Thus, the multi-factor system allows users to evalu-
ate information elements in a qualitative way. In addi-
tion, filtering can be applied to certain data by searching
for data, which can greatly optimize the search results,
including for each user independently (based on only

his factor ratings).

4. Ways of factor system integration

To optimize the search and filtering of information
in social networks and increase the role of users in the
evaluation of elements, the combination of a segmented
scale and a multi-factor evaluation system is optimal
[11].

In this case, each factor will have a universal scale
(numeric or figurative) for element evaluation. Thus,
the number of options for the user’s assessment will in-
crease g = f times (g — the number of segmented scale
options; f — the number of factors) in comparison with
the one-factor evaluation system based on the likes.

Given the formulas (3), (5) and integration options
the general formula of ranking information element in
the social network with a combined system testing (seg-
mented scale with the multifactor system) should be as
follows:
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K 7 * factors Count, * avgRate,

R=K 6
totalRates Count ©)
Rate.— K * Y (rate; * rateK ;) 7
averate = totalRate,

R — the overall post rating; K — the user influence
coefficient; K/ — the coefficient of the influence of
the i-th factor on the overall rating; factorsCount,

— the number of element ratings on the i-th factor;
totalRates Count — the total number of element ratings by
all factors; avgRate, —the average element evaluation for
the i-th factor; rate; —the j-th element of the estimation
scale in numerical form; rateK ; —the coefficient of the
significance of the j-th element of the scale; fotalRate;

— the maximum sum of ratings for a certain element on
the i-th factor.

The integration of such a combined assessment sys-
tem is simpler to consider using the Facebook social
network as an example. The network already has a sim-
plified system of factors for evaluating records (in the
form of emoji). You can use a 5-point or 10-point rating
system with stars (or other images) to enter a segmented
scale for each factor. In this case, the overall assessment
composition will continue (use of graphic images). The
disadvantage of such a system is the increase of the
number of user actions to evaluate an item. Depending
on the device, the number of actions displayed will in-
crease by one for the users of the web interface of per-
sonal computers (when the scale for each factor in the
form of a popup card is displayed) and two for mobile
users (opening of the scale of the factor and the choice
of an option).

The integration of such a system into the Twitter
network, which was discussed earlier, needs to be done
gradually, as this network, unlike Facebook, has neither
a multivariate system nor a segmented scale of evalua-
tion. The first is to integrate the system of factors based
on graphic images (like those already known to the user
evaluation options). With enough level of development
by the users of the factor system, you can enter a rat-
ing scale for each factor (like Facebook, as described
above). In this case, the role of likes becomes minor,
they should be revisited for use only as a saving of the
elements to the chosen bookmarks.

Integration of such a system involves possible risks
during operation. The most likely of these is the increase
in the complexity of the assessment system and the lack
of instant evaluation with one action. On the one hand,
the complexity of evaluating a multi-factor system us-
ing a segmented scale causes the user to spend more
time to make a decision, but on the other hand, such a
system provides the user with much greater freedom of
action and options, which, of course, brings the social
network to a new level of progress in terms of searching,
filtering and sorting information.
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Depending on the number of factors and the differ-
entiation of the scale, the number of options for evalu-
ating one element for the user increases by 10-50 times,
which will take into account the preferences of the users
when giving recommendations (including advertise-
ments) and provide the user with an expression of their
opinion when evaluating the item much more concrete-
ly and clearer than usual “like it”.

Conclusion

The main problem of popular social networks in
data retrieval and filtration is the lack of an extensive
system of evaluation of information elements that al-
lows the user to evaluate the records more qualitatively
and specifically.

The paper considers the main evaluation options
used in popular social networks. Using Twitter as the
example of the social network, the features were ana-
lyzed of the use of the evaluation system in the form
of likes and possible options for its improvement. The
problems connected with the sorting of data during
search and giving personal recommendations to the
user were analyzed too.

It has been determined that the introduction of a
segmented scale will help users to evaluate information
more variably and critically (like the evaluation of mov-
ies in online cinemas and goods in online stores). On
the other hand, it was found that the multi-factor sys-
tem greatly improves the qualitative assessment of the
element, allowing users not only to express their prefer-
ences for some information element, but also to indi-
cate the reason for such an assessment.

Determined two development options of the evalua-
tion system, it has been determined that a combination
of a segmented scale with a multi-factor system increas-
es the number of possible evaluation options for the user
by tens of times. This allows to optimize search results
using variables scale factors and increase the number of
possible options for filtering data using factors and their
impact coefficients on the overall rating of the informa-
tion elements.

Using Facebook and Twitter as examples of the so-
cial networks there were considered the possible ways
of integrating the combined assessment system, possi-
ble risks and ways to eliminate them. Thus, the empha-
sis is placed on the fact that a social network requires a
more sophisticated evaluation system, which will help
to sort information qualitatively with the increase in the
amount of data in the network.

Subsequent studies include a detailed analysis of the
integration of such a system of evaluation and creating
a new social network based on it. In addition, one of
the key tasks is to get feedback from users on the com-
plexity of the combined rating system to determine the
main areas of information evaluation development to
optimize the sorting and filtering of big data [12], whose
number is continuously increasing.
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