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There are various approaches to describing, comparing and converting data nowadays, but there
are challenges that require new methods. This article describes the combination of some cluster
comparison approaches for the flexibility of design systems. This approach can reduce the impact of
missing data when comparing clusters. This method is used in the system of comparison of partner
employment schedules, where there is no constant flow of data from the user and the data itself has big
differences. In most cases, this data is incomplete, which complicates the cluster comparison process by
simple methods. Combining optimistic comparison and realistic methods, you can change the coefficient
of similarity for each individual pair of users (a realistic comparison is used for users with a close data
set, and an optimistic comparison is for a different set).

The article also describes the possibility of converting point data over a long period (using time)
by gluing a factor. This allows to play a long-lasting event only in a few moments. Also, this conversion
allows to work with one element at a specific time in the same way as with a time interval.

Thus, using the described approaches reduces the impact of lack of data from users, as well as
conditional specific values can be converted into segments close to reality, which allows the projected
system to become more flexible.
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Introduction

In today's dangerous society, there are situations when it is necessary to determine the location of a
certain person. Modern information technologies make it easy to carry out such search. These technologies
are very convenient for parents who find it necessary to have information about the location of their
children and to ensure the safety of the elderly. Such information is provided by almost all mobile
operators.

These technologies are used to establish effective communications with partners, to agree working
schedules, based on technologies of location tracking. The analysis of the obtained data helps to determine
convenient locations for business meetings, briefings and other events.
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State of the problem research

Geo-location is the process of binding, editing, and using metadata that describes the geographical
location of a location [1].

Geolocation technologies are used in marketing activities [2, 3] and help to increase sales. Modern
urban transport systems are provided with geolocation systems. This approach is generated by the need to
determine the location of vehicles at a certain point in time [4], when transporting important goods [5].
Geolocation technologies are actively used in other sectors of the economy.

The aim of the paper is to analyze the functionality of an information system that ensures the
coordination of working meetings with the use of geopositioning technologies.

Data preparation

This system is designed to compare the employment of individuals over a period of time, to take into
account their common interests, as well as the possibility of cooperation or other aspects of
communication.

To begin with, it is necessary to generate employment data, so a module for processing user location
data using Google Maps was created. Receiving GSP data from a user were processed as follows:

— Search near the user's location data of historical places or institutions (cafes, pools, entertainment
centers, hospitals, etc.).

— Google Maps identifies the type of location. Some types of Google Maps locations can be
combined, such as hospital and sanatorium can be joined into healthcare or simply health. These
combinations can be done in any way.

As a result, it is obtained data such as the type of location and time of navigation (the transmission
time of location data). This is followed by a time merging. Time merging is the unification of single data
(with a specific time) whose parameters are close to each other (i.e., where the time difference is less or
equal to the time T and is set by the user) into a time group. The merging contains several steps:

— An array of data (location type and time) of the objects is received at the input.

— This array searches for nearby items (an order specifies a time attribute) that have the same place
type.

— If the time difference between the found objects is less or equal to T, they are combined into a
complete conditional object that has time attributes of beginning and end.

— Merging is performed until any difference in the time attributes of next objects is larger than T.

— Objects that remain outside the specified time (t) are transferred to a new object with a start of t —
T/2 and end of t + T/2.

Following the above actions, it is obtained grouped data, which can be presented graphically
(Fig. 1).
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Fig. 1. User data

Cluster
Clusterization is performed on certain objects called clusters. The cluster model is written in C #
presented below.
public class Cluster
{
// for each interval there is a dataset of probabilities
public Dictionary<DateTime, CountingType> TimeDatasets { get;
set; } = new Dictionary<DateTime, CountingType>();
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public int CountWeeks { get; set; } = 0;
public int EveryMinutes { get; set; }

}
public class CountingType

{
public double GeneralCount { get; set; } = 0;
public Dictionary<int, double> TypeFrequency { get; set; } =
new Dictionary<int, double>();

In Cluster Class, there are attributes such as EveryMinutes — the number of minutes that will
define a single time span along the time axis, CountWeeks — the number of weeks that are entered into
the cluster (determine the cluster value), TimeDatasets — the set of key-value pairs, where the key is a
single unit of time, and the value is a CountingType Class.

CountingType Class displays the set of occurrence probabilities for each place type. This class
contains the following attributes as GeneralCount defines the amount of entered data;
TypeFrequency is a set of key-value pairs, where the key is the location type and the value is the time
parameters for the object.

Setting data to the cluster

For our system, the number of minutes that will determine a single time interval was chosen equal to
60 (minutes).

In order to be able to cluster the data, they are divided into weeks, since it is mainly the days of the
week that form a human schedule. A cluster is formed every week in which the fields EveryMinutes,
CountWeeks are filled with 60 and 1 respectively. The CountingType attribute is formed as follows:

— Items from the array of grouped data (full objects) are selected in turn.

— The appropriate time intervals of TimeDatasets attribute are searched for the selected array

element by time (day of the week and time of a day).

— The GeneralCount and TypeFrequency fields are filled in for each period as follows:

e If the time period (field) is entirely the time interval of the array element, the
TypeFrequency field records the location type with value 1.

e If the time period (field) belongs to the time interval of an element from an array only
partially, then the TypeFrequency field records the type of place with a value equal to
the fraction of interval intersection. For example, the element period of an array is 13:40-
15:00, and the selected field time is 13:00-14:00, then the value for a time period of the
array will be entered with a value of 0.33.

¢ In both cases, the GeneralCount field will be initialized with the number 1.

The result is a set of clusters that correspond to the appropriate weeks. As an example, three
individuals and data of four weeks were selected. Following the above operations, it was obtained data
shown in Fig. 2—13.

Fig. 2. User Cluster 1, Week 1
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Fig. 13. User Cluster 3, Week 4

Cluster comparison and integration

Comparison of clusters gives an opportunity to get percent similarity and difference between certain
clusters. The comparison is based on the principle of similarity of relatively smaller, difference of
relatively larger. The functioning of the method is shown in Figures 14a and 14b.

Fig. 14a. Absorption Fig. 14b. Intersection

If the smaller cluster is completely absorbed by the larger one (Fig. 14a), then the SMALLER cluster
is similar to the LARGER one by 100 %, but the LARGER cluster is NOT similar to the SMALLER one
by 100 %! If you need to find out the difference between clusters, it should be calculated concerning the
larger one. When there is a cluster intersection (Fig. 14b), the coefficients are calculated similarly.

This approach is an optimistic solution to the problem of lack of user data, so this method avoids the
growing difference between full and incomplete clusters. If there is a need for accurate data, then the
difference coefficient is taken into account when comparing clusters.

The result of the comparisons is a similarity matrix, which determines the coefficient similarity
between the established clusters.

The above clusters are compared and shown in Fig. 15-17.

{ 0, 0,218638095238095, 0,230380952380952, 0,183114285714286 }
-- { 0,218638095238095, 0, 0,206438095238095, 0,202571428571429 }
{ 0,230380952380952, 0,206438095238095, 0, 0,199238095238095 }
{ 0,183114285714286, 0,202571428571429, 0,199238095238095, 0 }

1 { 0, 0,205419047619048, 0,225314285714286, 0,231752380952381 }
2 { 0,205419047619048, 0, 0,209333333333333, 0,235285714285714 }
3 -- { 0,225314285714286, 0,209333333333333, 0, 0,206895238095238 }
4 { 0,231752380952381, 0,235285714285714, 0,206895238095238, 0 }

Fig. 16. The similarity matrix of clusters of user 2
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{ 0, 0,321371428571429, 0,307485714285714, 0,317295238095238 }
{ 0,321371428571429, 0, 0,364285714285714, 0,363542857142857 }
-- { 0,307485714285714, O, 364285714285?14 0, 0,354628571428571 }
{ 0,317295238095238, 0,363542857142857, O, 354628571428571 0}

Fig. 17. The similarity matrix of clusters of user 3

As shown in Fig. 15-17, the similarity between clusters varies within 15-35 %, this indicates some
inaccuracies in the data, which is often one of the disadvantages of building clusters with a small set of
data (in this case, one cluster has 1 week). Therefore, when it is created the cluster for merging firstly, a
similarity coefficient is 0.10. The results of merging are shown in Fig. 18-20.
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Fig. 20. Four weeks cluster of user 3

The clusters in Fig. 18-20 contain a lot of data that has a low frequency of occurrence. This is data
that needs to be cleaned up after a cluster with lots of data has been created. Purification occurs by
different methods and coefficients, so the purification method can vary depending on the task. The most
common method is to clean up data that is 10 times less frequent (relative to the maximum value in the
same period).

After developing user schedules (clusters that contain several weeks), they can be compared with
each other. Using the user data, they are compared, as shown in Fig. 21.
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1 -- { 0, 0,101937755102041, 0,180501870748299 }
2 -- { 0,101937755102041, 0, 0,114083333333333 }
3 -- { 0,180501870748299, 0,114083333333333, 0 }

Fig. 21. Comparison matrix of user schedules

Fig. 21 shows that schedules of users 1 and 3 are the most similar, so it is easier for them to schedule
meetings.

Conclusions

Nowadays, due to the large amount of data, it is possible to predict events based on the obtained
results. These data need to be converted to the required formats to allow them to be further used in
calculations and in forecasting. Different types of bonding can be applied when clustering together, which
is often described in Cluster Analysis. One of these methods is “nearest neighbor” and “far neighbor”.
They are all used depending on the needs of the computing industry. Not only Euclidean distance, but
square Euclidean distance, Chebyshov distance, power distance, Manhattan distance are used to determine
the distance between objects. In this paper, the number difference was used to determine the distance as the
main numeric object was only time. Also, when comparing created objects, it was used own comparison
method (in terms of frequency and availability), which is described above. This method allows you to
choose an optimistic and realistic object comparison approach, which allows each individual user to use
the desired method in the future. This method separates the concepts of similarity and difference depending
on the object itself. In the described approach, the concept of difference is defined by a relatively larger
object (when comparing two different objects in terms of the number of data) and similarities by a
relatively smaller one, so the similarity coefficient demonstrated by this method is an optimistic approach
to solving the problem, and to obtain realistic data, it is necessary to subtract the unit from the difference
coefficient. Using this method, you can maneuver at intervals when there is not enough data to compare
clusters.
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IcHyloTh Haiipi3HOMaHiTHilII miaxoau Ao ommcy, NOPiBHSIHHA Ta KOHBEPTYBaHHS AaHMX, aje 3
4YacoM BHHHMKAKTH 3ajadi, siki BUMaraloTh 3aCTOCYBAaHHS HOBHX MeToliB. OnucaHo KOMOiHyBaHHS
JesIKMX MiIX0JiB NMOPIBHSIHHAI KJACTepPiB 3alJi1 THYYKOCTi NPOEKTOBAHOI cHCTeMH. 3aBASIKH LbOMY
MiAX0y MOKHA 3HM3UTH BIUIMB HecTayi AaHMX NPH NOPiBHSAHHI KiacTepiB. MeTox 3aCTOCOBYHOTH Y
cucTeMi MOPiBHSIHHSA PO3KJIAAIB 3alHATOCTI 0ci0, e HeMa€ MOCTIiiHOr0 MOTOKY JaHMX Bill KOPUCTYBaya
Ta caMmi JaHi 3Ha4yHO BiapisHsOTBCs. Takoxk wi Aa”i B GinbIIOCTI BUNAAKIB € HENMOBHUMH, IO
YCKJIAQJAHIOE TNpouec MNOpPiBHAHHA KkJiacTrepiB mnpocrtumu  Meroaamu. KomOinywum meroau
ONTHMICTHYHOTO TAa PeajiCTUYHOro NMOPiBHAHHS, MOKHA A0 KOKHMX OKpeMHX Iap KOpHCTyBayiB
3MIiHIOBATH Koedili€eHT cX0xKoCTi (Il KOpHCTyBa4iB 3 OJM3bKMM HA00pPOM JaHMX BUKOPHCTOBYBATH
peajlicTU4He NOPiBHSIHHS, a I Pi3HOr0 HA00PYy — ONTHUMICTUYHE NOPiBHIHHS).

Tako:k ONUCAHO MOKJIMBICTH NepPeTBOPEHHSI TOYKOBUX [JAaHUX Ha MNPOTSKHI (32 uacom),
BHKOPHCTOBYIOYH CKJeliKy 32 neBHUM KoedinieaTom. Lle 103Bos1s1€ BIATBOPUTH NPOTSKHY NMOJII0 JHIIE
3a JesikuMH il MoMeHTaMH. Takox noiOHe nepeTBOPeHHs 103BOJISIE MPALIOBATH 3 OJAHUM €JIeMEHTOM Y
KOHKPETHUI MOMEHT 4acy TaK caMo, sIK i 3 YaCOBUM NPOMIKKOM.

OT:ke, 3 BHKOPHCTAHHSIM ONMCAHMX MiAXOAIB 3HMAKYETbCA BIUIMB HecTawi JaHUX BiJ
KOPHMCTYBa4iB; TAK0K YMOBHI KOHKPeTHi 3HAYeHHSI MOKHA NEPEeTBOPIOBATH HA BiIpi3Ku, 0JM3BKi 10
peajbHOCTi, 10 POOUTH MPOEKTOBAHY CHCTEMY F'HYUKIillIOI0.

KurouoBi ciioBa: kiacrep, po3kJiaja 3aifHATOCTI.



