Ha cporomHimHiid IeHh aHalli3 BEIMKOi KiJIBKOCTI NaHUX 3aiiMaec KIIFOYOBE MiClleé y BHUSBJICHHI NMPUXOBAHUX
3aKOHOMIPHOCTEH i TeHIEHIIIH, SIKi He BiIpa3y BHIHO 3 y3araJbHCHHUX MaHUX. Tak K MaHi MarOTh CKJIAIHI CTPYKTYpH Ta
BEJINKI PO3MIpH, HAYKOBII IPAIIOIOTh HaJl PO3POOKOI0 METOMIB 3MEHILIECHHS PO3MIPHOCTI BEIMKUX BHOIPOK JaHUX.
3MeHIIeHHS] PO3MIPHOCTI SIK eTam MomnepenHboi 0oOpoOKHM MAIIMHHOTO HaBYaHHSA € e(QEeKTUBHMM Yy BHAAJCHHI
HEepeJIeBaHTHHUX i HAJUINIIKOBUX JAaHUX, IiJBUIIECHHS TOYHOCTI HABUYAHHS Ta MOKpAIIEHHS 3pO3YMLIOCTI pe3ynbTary, 3a
JIOTIOMOTOI0 Bi3yai3arii po3MipHOCTi. A TaKOX, MPOIEC 3MEHIIEHHS KUIBKOCTI aHaJli30BaHWX BHIIQAKOBHUX BEIHMYNH
HIISIXOM OTPUMaHHSI HA0Opy OCHOBHMX 3MIiHHHUX. [IpoTe 3MEHIIEHHSI pO3MIPHOCTI Ma€ HENOJIK, MOB'I3aHUI 3 BTPATOIO
nmaHux. Jy’ke BayKIIMBO 3MEHIINTH PO3MIipHICTH HAbOpy HaHuX Oe3 BTpaTth Oymb-sKkoi iHpopMaii 3 1ix HaOOpiB TaHUX.
VY crarTi pO3IISIHYTO iCHYIOYi METOIHM 3MEHIIEHHS PO3MIPHOCTI BENMKHUX BHOIPOK NAHWX, a came: aHalli3 TOJOBHHX
xomnoneHt (Principal Component Analysis), niuiiinuit auckpumMinaaTHuid aHamni3 (Linear Discriminant Analysis), aHami3
ronoBHux KommoneHT sapa (Kernel Principal Component Analysis), G6aratoBumipHe Mmacmrabysanus (MDS), t-
PO3IOMUIBHOTO CTOXAaCTHYHOTO BOymoByBaHHS cycimiB (t-SNE) Ta anamis Hesamexxuux kommonent (Independent
Component Analysis).

KosxeH 3 MeToziB Mae cBOI mepeBaru Ta HEAOJIKH, Al BUOOPY HaHOLIBII ONTHMAIBHOIO METOXY 3MEHIICHHS
PO3MIPHOCTI BENUKHX BHOIPOK JaHUX OYyJO MpOBENEHO iX MOpIBHAIBHWE aHani3. Ha nHaOopi maHWX iHIIaTHBH 3
HelpoBizyamizamii XBopoou AmbIreiimepa Ta Ha HaOOpi JaHUX IPO MUTOIMOTIOHY 3aJI03y OYJIO MPOTECTOBAHO KOXKEH 3
PO3TIISIHYTUX METOJIIB.

Pesynbrati HOpIBHAIIBHOTO aHAaMi3y METOIIB OyJI0 PeACTaBICHO Y BUTIIAAI TpadiuHuX 300pakeHb.
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Today, big data analysis occupies a key place in finding hidden patterns and trends that are not immediately visible
from generalized data. Since data has complex structures and large sizes, scientists are working on developing methods to
reduce the dimensionality of large data sets. Dimensionality reduction as a pre-processing step in machine learning is
effective in removing irrelevant and redundant data, increasing training accuracy, and improving the comprehensibility of
the result by visualizing the dimensionality. It is also a process of reducing the number of analyzed random variables by
obtaining a set of basic variables. However, dimensionality reduction has the disadvantage of losing data. It is very
important to reduce the dimensionality of a dataset without losing any information from these datasets. This article
discusses the existing methods for dimensionality reduction of large data sets, namely Principal Component Analysis,
Linear Discriminant Analysis, Kernel Principal Component Analysis, Multidimensional Scaling, t-distributed stochastic
neighborhood embedding and Independent Component Analysis.

Each of the methods has its advantages and disadvantages, and a comparative analysis was performed to select the
most optimal method for reducing the dimensionality of large data sets. Each of the considered methods was tested on the
Alzheimer's Disease Neuroimaging Initiative dataset and the thyroid dataset.

The results of the comparative analysis of the methods were presented in the form of graphic images.
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