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ABSTRACT

Do you have a shortage of data? Not very likely. A consequence of the pervasive use of computers is
that most data originate in digital form. If we trade a stock or write a book or buy a product online, these
events evolve electronically. Since so many paper transactions are now in paperless digital form, lots of
“big” data are available for further analysis.

The concept of data mining, finding valuable patterns in data, is an obvious response to the
collection and storage of large volumes of data. Data mining is no longer an emerging technology
awaiting further development. Although its application is far from universal, the techniques of data
mining are highly developed and for some forms of analysis are entering a mature phase.

We would like to say “Give us data and we will find the patterns.”

Unfortunately, data-mining methods expect a highly structured format for data, necessitating
extensive data preparation. Either we have to transform the original data, or the data are supplied in a
highly structured format.

Data-mining methods learn from samples of past experience. If we speak to specialists in predictive
data mining, their data will be in numerical form. These people are the “numbers guys.” The “text
miners” do not expect an orderly series of numbers. They are happy to look at collections of documents,
where the contents are readable and their meaning is obvious.

This is our first distinction between data and text mining: numbers versus text. That doesn’t mean
that these are two distinct concepts. Both are based on samples of past examples. The composition of the
examples is very different, yet many of the learning methods are similar. That’s because the text will be

processed and transformed into a numerical representation.

AHHOTAIUA
B coBpemMeHHOM Mupe HET MOHATUS JeduuuTa JaHHBIX M UHGOpMaluil. BoNbIIMHCTBO JaHHBIX

Mpe/CTaBiIeHbl B LHU(PPOBOM BHJE M3-32 IIOBCEMECTHOI'O HCIIOJIb30BAaHMS KOMIBIOTEPOB U
KOMIBIOTEPHBIX TeXHOIOTUH. Takue coOBITHS, KaK MOKYIIKA PA3IMYHBIX TOBAPOB B MHTEPHETE, TOPTOBJIS
Pa3NUYHBIMHM aKIUSIMHU, MYOJUKAIUS KHUTH, TPOUCXOJAT B DJIEKTPOHHOM BHE. Tak Kak OOJBIIMHCTBO
OyMaXHBIX CJEJIOK MPOUCXOASAT B AJIEKTPOHHOM (hopMe, MHOTO “O0NbIIMX° JaHHBIX HYXAAIOTCS B
aHaJIn3e.

KoHuenmnus HMHTEUIEKTYaJlbHOIO aHalu3a JAaHHBIX - 3TO IOMCK 3aKOHOMEpPHOCTEH, KOTOpBIE
SBJISIIOTCSI OUYEBUAHBIM OTBETOM Ha cOOp M XpaHEHHE OOJIBIINX 0ObEMOB JaHHBIX. TEXHOJOTMM aHaIH3a
JAHHBIX AaKTyaJbHbl Ha CEroJHS M HE HYXZAlTCS B JopaboTke. XOTS NPUMEHEHHE AalieKo He

YHUBCPCAJIbHO, OJJTHAKO METOAbI HHTCIIJICKTYAJIbHOT'O aHalIn3a JAaHHBIX ABJIAIOTCS BECbMa PAa3sBUTBIMH. K



COXAJICHUIO, [UI1 NPUMEHEHHsS OJTHX METOJOB, HEOOXOAMMO 4YTOOBI JaHHBIE MMEIM XOPOLIO
CTPYKTYpUpOBaHHBIN (opmar. B OoNbIIMHCTBE CilyyasiX JaHHBIE HYXKIAIOTCS B MEPEBOJE B TOT BHJ,
KOTOPBIN TpeOyIOT METOABI aHAIH3A.

Mertozbl aHaIM3a OCHOBAHbI B CPAaBHEHUH 00pa310B JaHHbIX. CrieqUanucTbl paboTaloT C JaHHBIMH,
KOTOpbIE NPEACTaBIECHbl B YMUCIEHHOM BHJe. HO OOJNBIIMHCTBO JTOKYMEHTOB HMMEIOT TEKCTOBBIM BH[,
coZiepKaHNe KOTOPBIX JIETKO MOYKHO TIPOYUTATb.

Mertoap! ananu3a 00pabaThIBaIOT YKCIEHHBIE 3HaUeHUs. OTHAKO TEKCT MOKHO JIETKO MPEICTABUTD B
nuGpoBOM BHAE. ODTO E€AMHCTBEHHAs pa3HUIA MEXJy TEKCTOM M 4YHCIaMM B aHaJlIMU3€ JaHHBIX.
TYUIH

Kazipri onmempae nepekrepniH oHE HH(POpPMAaLUs TaNIIbUIBIFBIHBIH YFBIMBI JKOK. Jlepekrepnix
KONIILIIrT KOMIBIOTEPAIH KOHE KOMIIBIOTEPIIIK TEXHOJIOTUSHBIH HMIepYIILUTIriHIH MOJ OOJIFaHBI COH,
HUGPIBIK KOpiHICTe YChIHAABL. MbIcabl, WHTEPHETTEH TYPJI TayapiapAbl CaTbll alfaH >Karblaaija,
TYpJl aKkIUsUIapMEeH cayJa JKYpri3reHne, KiTanTblH >KapUsUIaHBIMBI, AJIEKTPOHIBIK KOpiHICTE OOJIbII
xataapl. CebOeOl Kara3abplK MOMUICCIHIH KOIIUIT KyKaTTaHIbIpbLIMaraH COH, Kell '"Kecek-Kecek'
JepEKTep aHaTM3Aa MYKTaX 0OJaIbl.

JlepexTepiH 3HUATKEpIiK aHATU3bIHBIH TYXKBIPHIMIAMackl - O  Oip 3aHABUIBIKTHIH i3JI€HICI.
JlepeKTep KUBIHBI )KOHE AEPEKTEPAiH KeCeK-KeCeK KOJIEeMiHIH CaKTaybl alKbIH jkayan OOJbII TaObUIAIbI.
JlepekTep aHaAJIM3bIHBIH TEXHOJOIHMsUIApbl OChl 3aMaHJa ©3€KTUIIK JOHE IbICBHIKTayFa MYKTaXX €Mec.
Konpansicel na y3ak omOeban emec, anaia 1epeKTepIiH 3UATKEPIIK aHATU3BIHBIH 9IICTEPl €H JaMbIFaH
00161 TaOBUIABI. OKIHILIIKE Kapail, OCbl 9/IiCTEP/l KOJNJIaHy YIUiH, AepeKTep KOH KypblIFaH ¢opMarTa
O6omysl Tuic. Kem karplaiiia, JOepeKkTep aHAJIM3bIHBIH JiCTepi, Ma3MyHBICHI KepeK KepiHiCKe
ayAapbUIybIH MYKTaX €Te/l.

AHanu3 ONICTEpiHIH HEri3Aepl - JAEPeKTepliH YIATICIHIH CalbICThIpYbIMbl. MamaHpaap CaHIbIK
KOPIHICTE YCHIHFAH JEPEKTEPMEH JKYMBIC ICTEHTIH. bipak KyXaTTbIH KOMIILIIrT MOTIHIIK KepiHICTe
O0JIFaH COH, Ma3MYHBICHI KEH1JT OKbUIBIHAIBI.

AHanM3IbIH OMICTEepi CaHIBIK MarblHATAPAbl OHIACHII. Amaiiaa MOTiHAI UQPPIBIK KepiHiCKe
aynapysl oKeHIT Oosbill  TaObumaabl. JlepekTeplliH aHadu3blHAA, MOTIHHIH JKOHE CaHJap/blH

aI\/’II)IpI)IJ'IBIMaHII)IJ'IBIFLI OCHI.

FORMULATION OF A PROBLEM

Simple Desktop application to see the difference between two text based documents. Application
will use various types of similarity measure functions. The idea of measuring text based document
similarity has received considerable attention in several domains, including information retrieval and text
mining. To begin with, we first transfer data into numerical vectors, and then we use similarity measure

functions that would measure document similarities in general. Transferring data into numerical vectors



are tough work, where we use tokenization, filtering stopwords, stemming, etc, and then calculating by
functions. In the end when data is in terms of numerical vectors then we use all the similarity measure
functions.

Tokenization

Tokenization is the process of breaking a stream of text up into words, phrases, symbols, or other
meaningful elements called tokens. The list of tokens becomes input for further processing such as
parsing or text mining. Tokenization is useful both in linguistics (where it is a form of text segmentation),
and in computer science, where it forms part of lexical analysis.

Stopwords

In computing, stopwords are words which are filtered out prior to, or after, processing of natural
language data (text). For some search machines, these are some of the most common, short function
words, such as the, is, at, which and on. Default English stopwords list: a, about, above, after, again,
against, all, am, an, and, any, are, ...etc.

Stemming

In linguistic morphology, stemming is the process for reducing inflected (or sometimes derived)
words to their stem, base or root form — generally a written word form. A stemmer for English, for
example, should identify the string "cats" (and possibly "catlike", "catty" etc.) as based on the root "cat",
and "stemmer", "stemming", "stemmed" as based on "stem". A stemming algorithm reduces the words
"fishing", "fished", "fish", and "fisher" to the root word, "fish".

Vector generation

Vector generation (or vector space model) is an algebraic model for representing text documents as
vectors of identifiers.

Documents and queries are represented as vectors.

dj = (Wyj,W2j,...,Wt))

q = (leq,Wqu,...,Wt,q)

Each dimension corresponds to a separate term. If a term occurs in the document, its value in the
Vector is non-zero.

IDF-inverse document frequency is a measure of the general importance of the term
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If the term is not in, this will lead to a division-by-zero:

TF-term frequency, defined as:
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where n;j;j is the number of occurrences of the considered term (t) in document dj, and the
denominator is the sum of number of occurrences of all terms in document dj, that is, the size of the
document | d; | .

Finally,

(t-f—lldf)ijj = t-fij' X ldf,

Experimental analysis

Consider a document containing 100 words wherein the word cow appears 3 times. The term
frequency (TF) for cow is then (3 /100) = 0.03. So, TF = 0.03.

Now, assume we have 10 million documents and cow appears in one thousand of these. Then, the
inverse document frequency is calculated as log(10 000 000 / 1 000) = 4. IDF =4.

The TF-IDF score is the product of these quantities: ~ 0.03 x 4 =0.12.

TF-IDF =0.12

Example 2:

Suppose the query "gold silver truck™. The database collection consists of three documents (D = 3)
with the following content
D1: "Shipment of gold damaged in a fire"
D2: "Delivery of silver arrived in a silver truck"

D3: "Shipment of gold arrived in a truck™

Table 1 shows us the result of calculation.
Table 1:

Term vector model based on w(i) = tf(i)*IDF(i)

Query, Q: “gold silver truck”
D1: "Shipment of gold damaged in a fire"
D2: "Delivery of silver arrived in a silver truck”
D3: "Shipment of gold arrived in a truck™
D = 3; IDF = log(D/df(i))

Counts, Weights, w(i) =
tf(i) tf(i)*IDF(i)

T ( D I Q D D D
ERM 1|2 3 | f(i) | /df(i) DF(i) 1 2 3
S

a 3/ 0 0 0 0 0

3=1

ar y 3/ 0. 0 0 0 0
rived 2=1.5 1761 1761 | .1761

d ] 3/ 0. 0 0 0 0
amage 1=3 4771 4771
d

d ] 3/ 0. 0 0 0 0
eliver 1=3 4771 AT71




y
fi . 3/ 0. 0 0 0 0
re 1=3 4771 AT71
g ‘ 3/ 0. 0 0 0 0
old 2=15 | 1761 | .1761| .1761 1761
in ] 3/ 0 0 0 0 0
3=1
of : 3/ 0 0 0 0 0
3=1
si . 3/ 0. 0 0 0 0
ver 1=3 4771 | 4771 9542
s : 3/ 0. 0 0 0 0
hipme 2=15 | 1761 1761 1761
nt
tr : 3/ 0. 0 0 0 0
uck 2=15 | 1761 | .1761 1761 | .1761

Similarity Analysis
First for each document and query, we compute all vector lengths (zero terms ignored)

ID1|=./0.47712 +0.47712+ 0.17612 + 0.17612 =/0.5173 = 0.7192
D2| =./0.17612 + 0.47712+ 0.95422 + 0.17612 = /1.2001 = 1.0955
D3| =./0.17612+0.17612+ 0.17612 + 0.1761%2 = /0.1240 = 0.3522

—

o 2. .
D=2 Wi

Q| =+/0.17612+ 0.47712+ 0.17612 =+/0.2896 = 0.5382

—
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Next, we compute all dot products (zero products ignored)
Q*D1=0.1761 *0.1761 = 0.0310

Q*D2=0.4771*0.9542 + 0.1761 * 0.1761 = 0.4862
Q*D3=0.1761 *0.1761 + 0.1761 * 0.1761 = 0.0620

|
o
Q*Di = I| W, Wi
-\ 1

Now we calculate the similarity values

Q+D1 0.0310

Cosinebp; = Q- D1 = S e3mz07192 " 0.0801




Q+D2 0.4862

Cosinedp; = Q- D2 = 0 5387.1.0955 =0.08246

=13 0.0820

) Q
Cosinebos = Ql« D2l 0.5382%0.3522 0.3271

Cosinebpi = Sim (Q,Di)

. Wa Wi
Sim (Q,Di) =
\.'-Ei w2 Q,j JZ 21
Rank 1: Doc 2 = 0.8246
Rank 2: Doc 3 = 0.3271

Rank 3: Doc 1 = 0.0801

CONCLUSION
The application of these algorithms is the optimal solution for the analysis and comparison of text

data.
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Online Ordering Taxi on Android
Makhymgaliyeva Gulden 4D _04

Nowadays people are very busy, stressful and always in an extremely active life. Sometimes they
need relax, just sit and think about how life is wonderful. Also they need some service from another
people, and to get agreement with someone when you are very tired is so difficult. This kind of problem
makes you annoying. So | present decision of this issue by using mobile application Get a Taxi. This
application locates the passenger's position automatically or can be set to pick-up from the user's favorite
locations, e.g. work, home etc. The application then finds and orders the nearest available taxi and
informs the user of the driver's name and ratings, and how much will cost distance. Map shows the
passenger's position and the position of the taxi and displays the distance left and the estimated time of
arrival. Booking and managing rides is quick and easy, saving you time and hassle. That is an awesome
convenience when you are in a rush. A must-have friend in your pocket, ready for when you need it. The
passenger can track the taxi‘s arrival on the map including time of arrival as well as the driver’s profile
with picture, name, rating and phone number.

The word “mobile” means capable of changing quickly from one state or condition to another,
tending to travel and change settlements frequently, e.g. "a highly mobile face”. What about “mobile
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