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AHHOTALHUA

Ipeamet ucciaenopanus. IloBcemMecTHoe yBennueHne o0beMoB 00pabaTeiBaeMoil HHpOPMAINK HA 00BEKTax
KPUTHYECKOH MH(POPMANNOHHON HHPPACTPYKTYPHI, IPEICTABICHHOH B TEKCTOBOH (hOpMe Ha €CTECTBEHHOM S3bIKE,
co3zaet npodieMy ee KiIacCH(HKaIUK 110 CTEICHN KOHQHICHINATEHOCTH. YCIIeX pelIeH s JaHHO! 3a/1a491 3aBHCHUT KaK
OT caMOH MOJIeNH-KIIacCH(HUKATOpa, TAK U OT BBIOPAHHOTO CIIOCO0a U3BIICUCHNSI IPU3HAKOB (BekTopH3anuy). Tpebyercs
MaKCHMAJIbHO TIOJIHO TIEPEAaTh MOCIH-KIACCU(UKATOPY CBOMCTBA HCXOJHOTO TEKCTA, COJEPIKAIINE BCEO COBOKYITHOCTD
JieMapKallMOHHbBIX NPU3HAKoB. B paboTe mpejcraBiena sMnupuieckas oleHka 3(pHEeKTHBHOCTH aATOPUTMOB JTMHEHHON
KJ1accu(UKAIMN, OCHOBAaHHAs HA BRIOPAHHOM CIIOCO0E BEKTOPHU3AIINH, A TAK)KE 3HAYEHUH KOJIIMUECTBA HACTPANBAEMBIX
rmapaMeTpoB B cllyyae IPUMEHEHNUs BekTopuzaropa xemmposanus (Hash Vectorizer). Meroa. B kadecTBe naracera ams
00y4YeHHsI U TECTUPOBAHHS aJTOPUTMOB KIaCCH()UKAINU HCIIOIB30BAHbI TOCYJAPCTBEHHBIE TEKCTOBBIE JJIOKYMEHTHI,
YCJIOBHO BBICTYTAIOIIHE B POIH KOH(PHUICHIHAIEHBIX. BEIOOp M0I06HOTO TEKCTOBOTO MaccHBa 00YCIOBICH HAINIHEM
crienn(pUIecKoi TEPMUHOJIOTHH, TOBCEMECTHO BCTPEUAIONIEHCS B PACCEKPEUCHHBIX JOKYMEHTaX. TepMUHUPOBAHHOCTS,
SIBJISISICH IPUMUTHBHOM JIeMapKallMOHHOW I'PaHULCH M BBICTYIasi B POJIN KIACCU(HUKAIIMOHHOTO IPU3HAKa, oberdaer
paboty anroputMoB KiIaccu(UKALNK, YTO B CBOIO OYepe/b MO3BOJISICT CKOHLEHTPUPOBATh BHUMAHUE HA TOW JIOJIH
BKJIa/1a, KOTOPYIO0 BHOCHUT BBIOpaHHBIH crioco0 BeKTOpu3aluu. MeTpHUKoi OIEHKH KauyecTBa PabOThI aJrOPHUTMOB
BBICTYAET BEIMYMHA OIIMOKH KIacCH(DUKAIUK. 3a BETHYNHY OMIMOKH MPUHATA BEIUYUHA, 00paTHAS 0JIe MPABHIBHBIX
0TBETOB anroputMa (accuracy). [IpoBeeHa omeHKa anropuTMOB 1O BpeMeHU 00ydeHHst. OCHOBHBIE pe3yJbTaThl.
[Nomyuennble THCTOrPAMMBI OTPAXKAIOT BEIWYMHY OIIMOKH aITrOPUTMOB M BpeMst oOydeHus. Brienens! Hanbomee n
HanMeHee (G(EeKTHBHBIEC ATTOPUTMBI JUIS KOHKPETHO 33aHHOTO crioco0a Bekropu3anuu. [pakTuueckast 3 HAYHMOCTb.
Pe3ynbrarsl paboTHI HO3BOJISIIOT HOBBICHTH AP ()EKTUBHOCTD PELICHHs PEaIbHBIX MPAKTHYSCKUX KIACCH(HKAIIMOHHBIX
3a/1a4 TEKCTOBBIX JIOKyMEHTOB HEOOJIBIIOro 00beMa CO CBOMCTBEHHOW CIIelU(pUIECKOH TEPMUHOIOTHEH.
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Abstract

The widespread increase in the volume of processed information at the objects of critical information infrastructure,
presented in text form in natural language, causes a problem of its classification by the degree of confidentiality.
The success of solving this problem depends both on the classifier model itself and on the chosen method of feature
extraction (vectorization). It is required to transfer to the classifier model the properties of the source text containing the
entire set of demarcation features as fully as possible. The paper presents an empirical assessment of the effectiveness
of linear classification algorithms based on the chosen method of vectorization, as well as the number of configurable
parameters in the case of the Hash Vectorizer. State text documents are used as a dataset for training and testing
classification algorithms, conditionally acting as confidential. The choice of such a text array is due to the presence
of specific terminology found everywhere in declassified documents. Termination, being a primitive demarcation
boundary and acting as a classification feature, facilitates the work of classification algorithms, which in turn allows
one to focus on the share of the contribution that the chosen method of vectorization makes. The metric for evaluating
the quality of algorithms is the magnitude of the classification error. The magnitude of the error is the inverse of the
proportion of correct answers of the algorithm (accuracy). The algorithms were evaluated according to the training
time. The resulting histograms reflect the magnitude of the error of the algorithms and the training time. The most and
least effective algorithms for a given vectorization method are identified. The results of the work make it possible to
increase the efficiency of solving real practical classification problems of small-volume text documents characterized
by their specific terminology.
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BBenenue

VYBenuyenue 00beMOB 00pabarsiBaeMol HHPOPMAILIUH
Ha 00bEeKTaX KPUTHUECKON HH(OPMAITMOHHOH HH(PPACTPYK-
TYPBI, B TOM YHCJIC TPEJACTABICHHONW B TEKCTOBOU (hopme
Ha CCTECTBEHHOM SI3BIKC, HCIIPEMCHHO BJICYCT 32 COOOM
LIENBIA PsIT TPYIHOCTEH, CBA3aHHBIX, B TIEPBYIO OYEPEh, C
ee oOpaborkoit. OmHa U3 TakuX 3a7a4 00padOTKH — 3a/1ada
Kiaccu(uKaI JOKyMEHTOB [1].

DJIEeKTPOHHBIE TEKCTOBBIC JOKYMEHTHI Ha €CTECTBEHHOM
S3BIKE, HE3aBUCUMO OT CTETICHU KOH(HUIACHIINAILHOCTH,
HMMEIOT JOCTATOYHO MUPOKUH CIEKTP KIIacCH(PUKAIMOHHBIX
NPU3HAKOB, HAUMHAs OT TEMAaTHUYECKOM COCTaBIAIOLICH,
crerneHd (HopMaaU3aMy U MA0IOHU3AINH, ¥ 3aKaHIHBas
TOHAJIBHOCTHIO M CTUJIEM M3JokeHus [2, 3]. 3 manHOTO
(bakTa creayeT BBIBOM: ISl KaXKIOW OTACIBHO B3SITOM 3a-
Jlauyl KiacCH(UKALMU U COOTBETCTBYIONICTO € aTacera
CYIIECTBYET ICTCPMUHUPOBAHHBIN U HE BCET/Ia OUCBHTHBII
MeTon ee pemieHus. Takum oOpa3om, mepej pemeHueM
Ki1accu(pUKAIMOHHON 3a7]a4i HEOOXOAMMO TIPOBECTH €¢
JIeTAJIbHBINA aHaJIN3 C LEIBI0 BBIIEIEHUS Hanboiiee BaKHbBIX
JeMapKalHOHHEIX MIPU3HAKOB U MAaKCHMAaJBHOTO CyKe-
HUS «IHaNa30Ha» BO3MOXKHBIX METONOB ee pemreHus [4].

Harpumep, BbIOEpeM /JIsl COCTABIICHUS IaTaceTa Mare-
pHaIbl pacCEKPEUEHHBIX JIOKYMEHTOB O MOJIOKEHUH JIelT B
crpane!, BeICTYIArOIIME B POJIK KOH(DUIEHIMATBHBIX, U OT-
KPBITBIX HOPMATHBHO-TIPABOBLIX aKTOBZ. JJOKyMEHTHI TIpei-
CTaBJICHBl B TEKCTOBOW ()OpME HA €CTECTBEHHOM SI3BIKE.
OTMeTHM, 4TO AJIs Oosiee KaYeCTBEHHOM MX JeMapKalluu
HE0OX0AMMO 00paTUTh BHUMaHHE HA TaKOW KiIaccu(u-
KaI[MOHHBII MPU3HAK KaK YPOBEHb TEPMHUHHUPOBAHHOCTH
[5], KoTOpEIif y paccekpeueHHBIX JOKYMEHTOB HOCHT SIPKO
BBIpOKEHHBIN U criennudaeckuii xapaxrep [6, 7].

J1s ycnenHoro peleHus 3a1a4n Kiaccu(GUKauy yKa-
3aHHBIX JIOKYMEHTOB JIOCTATOYHO HCIIOJIB30BaTh KI1acCu(u-
KaTop, CIIOCOOHBIN pa3/ieiuTh MPOCTPAHCTBO MPU3HAKOB
0OBIYHOM pa3aesioNIel TUIepIuIocKoCcThio [8]. B cBs3m ¢
9TUM B HAaCTOSIIIEH padoTe MPUBEACHBI PE3YIIBTaThl Pa0OTHI
MIPOCTEHIINX aIrOpUTMOB Kilaccudukamu [9].

I Paccekpedennbie nuctounuku // Mctopudyeckue Marepuaibl
[Dnekrponnsiit pecypc]. URL: https://istmat.info/node (nara
obpamenus: 20.12.2021).

2 Vkaswl u pacniopsbkenus [Ipesnnenta Poccuiickoit Oee-
patu // Kogndukarws PO [Dnexrponnsiii pecype]. URL: https://
rulaws.ru/president (gara odpamenus: 20.12.2021).
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OnuH 13 KIF0UeBbIX (DAKTOPOB, ONPEAEIISIONIUX YCTIeI-
HOCTb pEelIeHUs KJIacCU(PHUKALMOHHOW 3a1a4i — BBIOOD
HaWIy4IIero crocoba npezacrapienus 3Hanuii [10], conep-
JKAIIMXCS B TEKCTOBBIX JIOKYMEHTAX, TPH KOTOPOM MaKCH-
MaJIbHO COXPAHSIIOTCSI CBOIMCTBA HCXOAHOIO TEKCTa M COfIep-
JKAIIHEeCs B HEM 3aKOHOMEPHOCTH [9], UTO B CBOIO Ouepe/Ih
OTpakaeTcs Ha pe3yJbTaTax padoThl MojeneH-Kkiaccudu-
KaTOpOB.

Bs160p cniocoba BekTOpH3aALUH

CaMple TpUMEHsIEMBIC B HACTOSIIEE BPEMs CIIOCOOBI
Bekropuzanuu Tekcta: TF-IDF (Term Frequency-Inverse
Document Frequency) n Hash Vectorizer [11]. Bermomanm
CpaBHCHHUE JAHHBIX CIIOCOOOB 110 BEJIMYMHE OUIMOKH, a
TaK)Ke BpeMEHHU 00y4EHHs aJITOPUTMOB KiTacCH(UKAIINY.

Bexropusarop TF-IDF wacto ucnons3syercst i co3a-
HUSI BEKTOPOB CJIOB M3 Habopa nokyMeHToB. OH MacIiTa-
OMpyeT 4acToTy TEPMOB, NPHUABasi MEHBIIYIO 3HAYUMOCTb
HauboJiee yacTo BcTpeyaeMbIM u3 HUX [12]. OmgHako B Ta-
KOM CIIydae 3apaHee TpeOyeTcs HaIMIHUe ITOJIHOTO CIIOBaps,
YTO JUTs OOJBITUHCTBA MPAKTUICCKIX 3374 HEBO3ZMOXKHO
BBHJIY ITEPUOANIECKOTO €TO MOMOTHEHHs. BenencTre gero
MOCTOSTHHEIN TiepecueT BekTopoB TF-IDF kpaiine Head-
(heKTHBEH B BRIYUCIUTEIEHOM TIAHE, YIUTHIBAS TIPH STOM
MIMPOKYIO0 TPUMEHUMOCTh BEKTOpU3aTOpa Ha OOJBIINX
o0bemax Koprycos!.

JIJ'ISI CJIOBapsA ¢ AMHaAMHUYCCKHU U3MECHAIOMIUMCA KOJIH-
4yecTBOM TepMoB Oosiee addexTrBen Bekropuzatop Hash

I [Drexrponnsiii pecypc]. https://habr.com/ru/post/515036/,
https://habr.com/ru/post/515084 (nata obpamenwus: 20.12.2021).
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Fig. 1. The magnitude of the error of classification algorithms when using TF-IDF and Hash Vectorizer with different number
of parameters
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Vectorizer, MOMyasspHOCTb KOTOPOTO JJiss OOJBITHHCTBA
MPaKTUYECKHUX 3aJ1ad Bce yalle Bo3pacTtaeT. Mcnonb3ys
32-6urtnyto Gpyukuuro MurmurHash3!, paspaGoranuyio
OcTtrHOM DmmiadH, 3TOT BEKTOPU3ATOP MO3BOJISET TIPO-
BOJIUTH HEIIPEPBIBHOE O00yYEHHUE 10 Mepe JOCTYITHOCTH
TAHHBIX, He YTOYHSS 3apaHee o0beM cioBaps [13].

Pe3yabTaThl padoTsl KiaccuuKaTOpoB

BBuay toro, 4to 3ajaya kinaccuukanuy B JaHHOMN
paboTe HOCHUT OCTATOYHO TPUMHUTHBHBIN XapakTep, 00Jb-
IIMHCTBO aJITOPUTMOB KJIaCCU(HUKAIMN MTOKA3bIBAIOT ITPaK-

[To aToi#t mpuumHe, A5t GoJiee HAMVISITHOTO NPE/ICTABICHHS
Pe3yNbTaToB pabOThl U KAYECTBEHHON MX OICHKH, Tepeii-
JIeM K paCCMOTPEHHIO BEJIMYHHBI OMINOKH, SIBIISIFOIICH-
cst 00paTHOW BEJIMYMHOMW JUIS JIOJH NMPAaBUIBHBIX OTBETOB
anropurMa (accuracy). ['mcrorpammsl, peacTaBlICHHbIE
Ha puc. | B norapudmMnueckoM Macmrade, MoKa3bIBaIoT,
uTo0 JuIs BekTopu3aropa Hash Vectorizer npu yBenmuennu
KosnuecTBa napamerpos ¢ 210 no 221 npocnexusaercs
TEHJICHIUS K yMEHBIICHHUIO BEJIMYNHBI OIIHOKH.
Ilepexoas K pacCMOTPEHHUIO TAKOTO MOKa3aTelsd, KakK
BpeMs1 00y4eHUs], TOAYEPKHEM, YTO B 3aBUCUMOCTH OT BBI-
OpaHHOTO crioco0a BEKTOPHU3AIIMY JAHHAS BEJTMUMHA BAapbH-

THYECKH MJICaJIbHBIC PE3yJIBTaThI 10 T0KA3aTEII0 accuracy.  pyeTcs B IIUPOKHX Tpejeiax U yBETUIUBACTCS C POCTOM
konnyecTBa mapamerpoB Hash Vectorizer (puc. 2). s
6oJiee HATTISITHOTO MPEACTABICHHS [IKAJIA, OTOOpaKaroIIast
MOKa3aTeib BpEMEHH, MPE/ICTABIIEHA B JIOTapU(PMUIECKOM

Mmaciraoe.

I MurmurHash [Dnekrpounsiii pecypc]. URL: https://
www.sites.google.com/site/murmurhash (mara obpamenmus:
20.12.2021).

I TE-IDF

I Hash Vectorizer ¢ konuuectom napamerpos 2'°
[___1Hash Vectorizer ¢ komuecTBoM napamerpos 2 '
I Hash Vectorizer ¢ kKonuuecTBoM napameTpos 2°!
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Fig. 2. Training time of classification algorithms when using TF-IDF and Hash Vectorizer with different number of parameters
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Bornee neranpHOE CpaBHEHHE PACCMOTPEHHBIX allTOPUT-
MOB KJIacCU(UKALUK C PE3yNbTaTaMu uX paboThl, OTpaxa-
IOIIMMH BpeMs 00yUeHUsI, TECTUPOBAHUS U JI0JTIO IPaBHIIb-
HBIX OTBETOB &JTOPUTMA Pa3MEILICHO B JOKyMeHTe!.

OTmeTnM, 4TO NP yBEJIWYCHUH YMCIIa HacTpauBae-
MBIX TIapaMeTpoB Bekropusaropa Hash Vectorizer ¢ 210
110 221 anroputMel KiaccH(pUKAIMK MOKA3BIBAIOT JIYYIIIHE
pe3yabrarsl, yem rpu ucrosibzoBanuu TF-IDF BexTopusza-
Topa. [Ipn 3TOM 3HAYUTENBEHO YBEIMUMBAIOTCSI BDEMEHHBIE
3aTpaThl Ha 00yUCHUE MOJIEIN, YTO CBA3AHO C YBEIMUCHHEM
Pa3MEPHOCTH LIEJIOUNCIICHHBIX HHAEKCOB, IPHCBAMBAEMBIX
COOTBETCTBYIOIIUM TOKEHAM CIOBaps. DTO MPUBOAUT K
YMEHBIIIEHHUIO YncIia Kouusuii [14, 15] u 3nauntensHoOMy
YBEJIMYCHUIO BPEMEHH 00yUESHHSI.

OuenuBast 3p(HEeKTUBHOCTD aJTOPUTMOB IIyTEM OTHO-
LICHUS JI0JIN MTPABUIIBHBIX OTBETOB K BPEMEHHU O0y4eHUS
(accuracy/train-time) BHIIHO, YTO JUISI BCEX HCCICTYEMBIX
CII0COOOB BEKTOPH3AIMH CaMBIH JIyUIINH aITOPUTM KJIac-
cupukanmm — kNN, mokazaBIIAN JTydIIne pe3yabTaThl
110 0 IPABHIBHBIX OTBETOB M BPEMEHHU OOyUEHHS.
HawubGonee Bricokne pesynsrarsl (0,992/0,001) nannsrit
aJTOPUTM IOKa3aJl MPU MCIIOIb30BaHHH BEKTOPU3aTOPa
Hash Vectorizer ¢ konnuectBom napamerpos 210,

! [Dnexrponnsiii pecype]. https://docs.google.com/document/
d/1pSAWQSE7H-CBeuTZPxoQPf-yFsLWiXxy/edit (1ara obpa-
menust: 20.12.2021).
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Hauxynmuii pe3ynbrar 1nokasaj ajlropuTrm Kiac-
cu¢pukanun Random Forest Classifier ¢ pesynpraramu
(0,998/7,239) nust cimyyasi IpUMEHEHUST BEKTOpH3aTOpa
Hash Vectorizer ¢ konudaectBoM napamerpos 221,

3akiaouenune

B pabote BBINOIHEHA CPaBHUTENbHAS OIICHKA KauecTBa
pabOThI AITOPUTMOB JIMHCHHOM Ki1acCU(HUKAIINU B 3aBUCH-
MOCTH OT BBIOPAHHOT'O CIIOC00a BEKTOpU3aInH (TIpe/icTaB-
JICHHs1) UCXOJTHOTO TEKCTA.

HecmoTtps Ha oueBHIHOE IPEUMYIIECTBO BEKTOPHU3ATO-
pa Hash Vectorizer no cpaBaennto ¢ TF-IDF npumenurens-
HO K JIOKyMEHTaM HeOOIBIIOro 00beMa, IPOSIBIISIONICe s
B YBEIIMYCHUH JIONTN TIPABMIIBHBIX OTBETOB ITOPUTMOB H,
COOTBETCTBEHHO, YMCHBIIICHUN BEIMYUHBI ONMTUOKH, IT10-
Ka3arelb BpeMEHH OOy4eHHUs B OOIIEH TEHACHINH TaKkKe
BO3pAacCTaeT.

[TonyueHHBI SMIUPUYECKUN OMBIT MO BBISBICHUIO
COOTBETCTBUSI BEJIMUUH IT0Ka3aTelel OIMOKA U BpEeMEHH
00y4eHHsT aNropuTMOB KilacCH(UKAIMK KOJIMYECTBY Ha-
CTparMBaeMBbIX MMapaMeTPoOB criocoba Bekropusaiuu Hash
Vectorizer 1M03BOJUT CYLIECTBEHHO MOBBICUTH Kaue€CTBO
pelIeHUs OJJOOHBIX PAKTHYCCKUX KIIaCCU(DUKAIOHHBIX
3aa4 IMyTeM CY)KEHUs Jrana3oHa BEI0opa HacTPanBacMbIX
mapaMeTPOB MOJICIICH-KIIACCH(PHUKATOPOB.

References

1. Batura T.V. Automatic text classification methods. Software &
Systems, 2017, no. 1, pp. 85-99. (in Russian). https://doi.
org/10.15827/0236-235X.030.1.085-099

2. Bortnikov V.I., Mikhailova Iu.N. Documentary Linguistics.
Ekaterinburg, Izdatel’stvo Ural’skogo universiteta Publ., 2017, 132 c.
(in Russian)

3. Rogotneva E.N. Documentary Linguistics. Teaching materials.
Tomsk, Tomsk Polytechnic University Publ., 2011, 784 c. (in Russian)

4. Orlov A.I. Mathematical methods of classification theory.
Polythematic online scientific journal of Kuban State Agrarian
University, 2014, no. 95, pp. 23-45. (in Russian)

5. Kosova M.V., Sharipova R.R. Termination as the basis for
classification of document texts. Science Journal of Volgograd State
University. Linguistics, 2016, vol. 15, no. 4, pp. 245-252. (in
Russian). https://doi.org/10.15688/jvolsu2.2016.4.26

6. Terskikh N.V. Term as a unit of specialized knowledge . Sistema
cennostej sovremennogo obshhestva, 2008, no. 3, pp. 97-104. (in
Russian)

7. Rozental D.E., Golub I.B., Telenkova M.A. Contemporary Russian
Language. Moscow, AJRIS-press Publ., 2014, 448 p. (in Russian)

8. Krasheninnikov A.M., Gdanskiy N.I., Rysin M.L. Linear classification
of objects using normal hyperplanes. Engineering journal of Don,
2012, no. 4-1 (22), pp. 94-99. (in Russian)

9. Dan Nelson. Overview of Classification Methods in Python with
Scikit-Learn. Stack Abuse. Available at: https://stackabuse.com/
overview-of-classification-methods-in-python-with-scikit-learn/
(accessed: 20.12.2021).

10. Woods W. Important issues in knowledge representation. Proceedings
of the IEEE, 1986, vol. 74, no. 10, pp. 1322—-1334. https://doi.
org/10.1109/PROC.1986.13634

11. Raschka S., Mirjalili V. Python Machine Learning: Machine Learning
and Deep Learning with Python, scikit-learn, and TensorFlow 2.
Packt Publishing Ltd, 2019, 770 p.

12. Qaiser S., Ali R. Text mining: Use of TF-IDF to examine the
relevance of words to documents. International Journal of Computer
Applications, 2018, vol. 181, no. 1, pp. 25-29. https://doi.org/10.5120/
ijca2018917395

118

Hay4HO-TexHN4eCcKnin BECTHUK MHPOPMALMNOHHbLIX TEXHOIOMNIA, MEXaHUKN 1 onTukK, 2022, Tom 22, N2 1
Scientific and Technical Journal of Information Technologies, Mechanics and Optics, 2022, vol. 22, no 1



TensorFlow 2 / nep. ¢ auri. — 3-e u3a. CI16.: OO0 «/lnanexktukay,
2020. 848 c.

12. Qaiser S., Ali R. Text mining: Use of TF-IDF to examine the
relevance of words to documents // International Journal of Computer
Applications. 2018. V. 181. N 1. P. 25-29. https://doi.org/10.5120/
ijca2018917395

13. Kavita Ganesan. HashingVectorizer vs. CountVectorizer
[Dnextponnsiii pecypc]. URL: https://kavita-ganesan.com/
hashingvectorizer-vs-countvectorizer/#.YcGOyavP2UI (nara o6pa-
menust: 20.12.2021).

14. Jason Brownlee. How to Encode Text Data for Machine Learning
with scikit-learn / Machine learning mastery [DnekTpoHHbIii pecypc].
URL: https://machinelearningmastery.com/prepare-text-data-
machine-learning-scikit-learn/ (zata oopamenus: 20.12.2021).

15. Max Pagels. Introducing One of the Best Hacks in Machine Learning:
the Hashing Trick // Medium [Dnekrponnsiii pecype]. URL: https:/
medium.com/value-stream-design/introducing-one-of-the-best-hacks-
in-machine-learning-the-hashing-trick-bf6a9¢8af18f (gara obparue-
Hust: 20.12.2021).

ABTOpBI

Ilaackuii Buktop BukropoBny — anpronkt, KpacHozmapckoe Bbiciee
BoeHHoe yumnuiie um. C.M. IlItemenko, KpacHonap, 350063, Poccuiickast
Denepanus, https://orcid.org/0000-0002-9221-2283, vdvryazan57@,
yandex.ru

Cu3onenko Asiekcanap BopucoBHY — TOKTOp TEXHUYECKHX HAyK, [0~
LIeHT, HavYaJIbHUK Kadenpsl, KpacHonapckoe BbIcIIee BOCHHOE YUHIHILE
nm. C.M. llremenxo, https://orcid.org/0000-0001-8201-9159, siz_al@
mail.ru

YexmapeB Makcum AJstekceeBHY — a/IbIOHKT, KpacHonapckoe Beiciee
BoeHHoe yumnuiie uM. C.M. IlItemenko, KpacHomap, 350063, Poccuiickast
Denepanus, https://orcid.org/0000-0002-6832-9991, max.chek 13 @gmail.
com

IInmkoB Anapeii BacuibeBny — cryneHt, KpacHogapckoe Bbicuiee
BoeHHoe yuymmiie um. C.M. IlItemenko, KpacHonap, 350063, Poccuiickast
Denepanus, https://orcid.org/0000-0002-1841-8750, shishkov-andrey00(@,
mail.ru

Ucaxkun Januua Anapeesuy — ctyaeHT, HoBocubupckuii ro-
CyAapCTBEHHBIN TeXHUYECKUW yHuBepcuret, HoBocubupck, 630087,
Poccwuiickas @enepanus, https://orcid.org/0000-0001-7307-6258, pm11.
isakin@gmail.com

Cmamuws nocmynuna 6 pedaxyuio 06.12.2021
Ooobpena nocne peyensuposanus 29.12.2021
Ipunama k newamu 29.01.2022

@ROIE

NC

13. Kavita Ganesan. HashingVectorizer vs. CountVectorizer. Available at:
https://kavita-ganesan.com/hashingvectorizer-vs-countvectorizer/#.
YcGOyavP2UI (accessed: 20.12.2021).

14. Jason Brownlee. How to Encode Text Data for Machine Learning
with scikit-learn. Machine learning mastery. Available at: https://
machinelearningmastery.com/prepare-text-data-machine-learning-
scikit-learn/ (accessed: 20.12.2021).

15. Max Pagels. Introducing One of the Best Hacks in Machine Learning:
the Hashing Trick. Medium. Available at: https://medium.com/value-
stream-design/introducing-one-of-the-best-hacks-in-machine-
learning-the-hashing-trick-bf6a9c8af18f (accessed: 20.12.2021).

Authors

Viktor V. Shadsky — PhD Student, Krasnodar Higher Military School,
Krasnodar, 350063, Russian Federation, https://orcid.org/0000-0002-
9221-2283, vdvryazan57@yandex.ru

Alexander B. Sizonenko — D.Sc., Associate Professor, Head of
Department, Krasnodar Higher Military School, Krasnodar, 350063,
Russian Federation, https://orcid.org/0000-0001-8201-9159, siz_al@
mail.ru

Maxim A. Chekmarev — PhD Student, Krasnodar Higher Military
School, Krasnodar, 350063, Russian Federation, https://orcid.org/0000-
0002-6832-9991, max.chek13@gmail.com

Andrey V. Shishkov — Student, Krasnodar Higher Military School,
Krasnodar, 350063, Russian Federation, https://orcid.org/0000-0002-
1841-8750, shishkov-andrey0O@mail.ru

Daniil A. Isakin — Student, Novosibirsk State Technical University,
Novosibirsk, 630087, Russian Federation, https://orcid.org/0000-0001-
7307-6258, pm11.isakin@gmail.com

Received 06.12.2021
Approved after reviewing 29.12.2021
Accepted 29.01.2022

Pab6oTta gocTynHa no nuueHsnm
Creative Commons
«Attribution-NonCommercial»

Hay4HO-TeXHNYEeCKNin BECTHUK MHDOPMALMOHHbBIX TEXHOOMMIA, MEXaHUKKN 1 onTukn, 2022, Tom 22, N2 1
Scientific and Technical Journal of Information Technologies, Mechanics and Optics, 2022, vol. 22, no 1

119



