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2 Clarivate
Analytics

NAS RK s pleased to announce that News of NAS RK. Series physico-mathematical
Jjournal has been accepted for indexing in the Emerging Sources Citation Index, a new edition of
Web of Science. Content in this index is under consideration by Clarivate Analytics to be
accepted in the Science Citation Index Expanded, the Social Sciences Citation Index, and the
Arts & Humanities Citation Index. The quality and depth of content Web of Science offers to
researchers, authors, publishers, and institutions sets it apart from other research databases.
The inclusion of News of NAS RK. Series of chemistry and technologies in the Emerging
Sources Citation Index demonstrates our dedication to providing the most relevant and
influential content of chemical sciences to our community.

Kasakcma+ Pecnybnukacbl ¥nmmbiK fbifibiM  akademusicsl "KP ¥FA Xabapnapbl. ®u3ukarbik-
MameMamukarblK cepusichl” FbinibIMU XypHasbiHbiH Web of Science-miH xaHanaHraH Hyckackl Emerging
Sources Citation Index-me uHOekcmenyzae KabbindaHFaHbIH xabaprnaldbl. byn uHdekcmeny 6apbicbiHOa
Clarivate Analytics komnaHusicbl XypHandbl odaH api the Science Citation Index Expanded, the Social
Sciences Citation Index xoHe the Arts & Humanities Citation Index-ke kabbinday macesneciH
kapacmeipyOa. Webof Science 3epmmeywinep, asmopsap, bacnawbiiap MeH MeKeMmesiepee KOHMeHm
mepeHdiei MeH canacbiH ycbiHaobl. KP ¥FA Xabapnapbl. XuMusi XXoHe mexHoroausi cepusicel Emerging
Sources Citation Index-ke eHyi 6i30iH KoramdacmbIK yYWiH eH 63eKmi xoHe 6edenidi XUMUSIIbIK FblribiMOap
bolibiIHWa KoHmeHmke adarsnobifbiMbi30bl 6indipedi.

HAH PK coobuwjaem, ymo Hay4qHbil xypHan «3eecmusi HAH PK. Cepusi ¢busuko-mamemamuyec-
Kas» 6bin npuHam 0ns uHdekcuposaHusi 8 Emerging Sources Citation Index, o6HoeneHHol eepcuu Web
of Science. CodepxaHue 8 amom UHOeKcuposaHUU Haxodumcs 8 cmaduu pacCMOMmMpPEHUS KoMnaHuel
Clarivate Analytics Ons OanbHelwea0o npuHsmus xypHana e the Science Citation Index Expanded, the
Social Sciences Citation Index u the Arts & Humanities Citation Index. Web of Science npednazaem
Kayecmeo u enybuHy KoHmeHma 0Ons uccriedogameriel, asmopos, uzdamenel u y4upexoeHul. Bkro-
yeHue MNssecmusi HAH PK e Emerging Sources Citation Index deMoHcmpupyem Hauwy npueep>xeHHOCMb
K Hauboree akmyasrbHOMY U 67USSMEeSIbHOMY KOHMEHmMy M0 XUMUYEeCKUM Haykam Ofsi Hawezo
coobuwecmesa.



bac pegaxTopsl
¢.-m.F.10., ipod., KP ¥FA akamemuri
F.M. Myranos

Pemaxmusg anxkacs:

AcanoBa A.T. nmpod. (Kazakcran)

Bomxae K.A. PhD nokrops! (Ka3akcran)
Baiirynuexos K.K. npod., akanemuk (Kazakcran)
Quevedo Hernando npod. (Mekcuka)

KycinoB M.A. npod. (Kazakcran)

KoBaaeB A.M. npod., akagemuk (YKpanHa)
Kanumosanaes M.H. mpod., akanemuk (Kazakcran)
MuxaneBu4 A.A. pod., akanemuk (benopycs)
Mpeip3akyJioB P. npod., akagemuk (Kazakcran)
PamaszanoB T.C. npod., akagemuk (Kazakcran)
Taku6aeB H.2K. npod., akanemuk (Kazakcran), 6ac pen. opsiHOacaphl
Turunsany U. npod., akagemuk (MonmoBa)
Yanues 3.I'. ipod., uin.-xopp. (Kazakcran)

Xapun C.H. mpod., akanemuk (Kazakcran)

«KP ¥T'A Xabapaapel. ®U3HKa-MaTeMaTHKAJIBIK CEPHACHD).

ISSN 2518-1726 (Online), ISSN 1991-346X (Print)

Menmikrenymri: «Kazakcran PecrryOnnkacsIHBIH ¥ITTHIK FRUIBIM akageMusicbDy PKb (AnMaTsl K. ).
Kazakcran PecryOnmkachiHBIH AKMapar >KoHE KOMMYHHKAUMsUIAp MUHHCTPIIriHIH AKNapaTr KOMHUTETIHIE
14.02.2018 x. 6epinren Ne 16906-7K mep3iMaik OacbUIbIM TipKeyiHe KOWBLTY Typasbl KyalliK.

TakbIpBINTBHIK OAFBITBI: PUIUKA-MAMEMAMUKA bLTBIMOAPHL HCIHE AKNAPAMMbIK
MexXHOI02UANAp CANACLIHOAbL DACHIM 2bLIbIMU 3epmmeynepoi
Jcapuanay.

Mep3iMIiTiTi: )KBUTBIHA 6 peT.
Tupaxsi: 300 nana.

Penaknusaeig Mexkerkaiipl: 050010, Anmats K., [lleBuenko kemr., 28; 219, 220 Geir.;
Ten.: 272-13-19; 272-13-18,
http://physics-mathematics.kz/index.php/en/archive

© Kazakcran PecriyOnukachiHbIH ¥ JITTHIK FBUTBIM akageMuschl, 2021

Tunorpadusasig Mekernxkaiibl: «NurNaz GRACE», AnMarsl K., PeickyioB kemr., 103.



I'maBHBIH penakToOp

1.¢.-M.H., mpod. akamemuk HAH PK
I''M. MyranoB

Pe)laK]_IPIOHHaH KOJIDJICrHuii:

AcanoBa A.T. npod. (Kazaxcran)

Bomkaes K.A. nokrop PhD (Kazaxcran)
BaiirynuexoB XK.7K. npod., akagemuk (Kazaxcran)
Quevedo Hernando npod. (Mekcuka)

KycynoB M.A. mpog. (Kazaxcran)

KosaneB A.M. mpod., akanemuk (YkpanHa)
Kaaumoangaes M.H. ipod., akamemuk (Kazaxcran)
Muxanesuu A.A. pod., akanemuk (benapycs)
Mpeip3akyJoB P. npod., akanemuk (Kazaxcran)
Pama3zanos T.C. mpod., akamemuk (Kazaxcran)
Taxkub6aeB H.2K. npod., akagemuk (Kazaxcran), 3am. ri1. pej.
Turnusauy U. npod., akagemuk (Monzosa)
Yanues 3.I'. ipod., un.-xopp. (Kazaxcran)

Xapun C.H. npod., akagemuk (KazakcTtan)

«M3Bectusst HAH PK. Cepus ¢pusuka-mateMaTudeckas».

ISSN 2518-1726 (Online), ISSN 1991-346X (Print)

Cob6ctBennuk: POO «HanmonanbsHast akanemust Hayk Pecriyonmku Kazaxcran» (r. Anmmatsn).
CBHUIETENBCTBO O IMOCTAHOBKE HAa yUYET TIEPHOIMIECKOTO IMeYaTHOro m3maHus B Komwurere mHOpMammu
MunucrepctBa uHpopManmu W KoMMmyHuKaiui PecnyOmukm Kazaxcram Ne 16906-2K, BbimanHoe
14.02.2018 1.

TemaTH4eckasi HAPABJIEHHOCTb: NYOIUKAYUA RPUOPUMEMHBIX HAYYHBIX UCC1€008AHUTL
6 o0nacmu QusuKo-mamema-muyecKux HayK
U UHGOPMAUUOHHBIX MEXHOI02UIL.

[TepuoauyHoCTh: 6 pa3 B roj.
Tupax: 300 sx3eMIUIIpOB.

Anpec pegakuuu: 050010, r. Anmarsl, ya. llleBuenxko, 28; kom. 219, 220; ten.: 272-13-19; 272-13-18,
http://physics-mathematics.kz/index.php/en/archive

© HammonanwsHas akagemus Hayk Pecrryonuku Kazaxcran, 2021

Anpec turrorpadun: «NurNaz GRACE», r. Anmarsl, yi. Peickymosa, 103.



Editor in chief

doctor of physics and mathematics, professor, academician of NAS RK
G.M. Mutanov

Editorial board:

Asanova A.T. prof. (Kazakhstan)

Boshkayev K.A. PhD (Kazakhstan)

Baigunchekov Zh.Zh. prof., akademik (Kazahstan)
Quevedo Hemando prof. (Mexico)

Zhusupov ML.A. prof. (Kazakhstan)

Kovalev A.M. prof., academician (Ukraine)
Kalimoldaev ML.N. prof., akademik (Kazahstan)
Mikhalevich A.A. prof., academician (Belarus)
Myrzakulov R. prof., akademik (Kazahstan)
Ramazanov T.S. prof., akademik (Kazahstan)
Takibayev N.Zh. prof., academician (Kazakhstan), deputy editor in chief.
Tiginyanu I. prof., academician (Moldova)

Ualiev Z.G. prof., chl.-korr. (Kazahstan)

Kharin S.N. prof., academician (Kazakhstan)

News of the National Academy of Sciences of the Republic of Kazakhstan. Physical-mathematical
series.

ISSN 2518-1726 (Online), ISSN 1991-346X (Print)

Owner: RPA "National Academy of Sciences of the Republic of Kazakhstan" (Almaty).

The certificate of registration of a periodical printed publication in the Committee of information of the
Ministry of Information and Communications of the Republic of Kazakhstan No. 16906-K, issued on
14.02.2018.

Thematic scope: publication of priority research in the field of physical and mathematical
sciences and information technology.

Periodicity: 6 times a year.
Circulation: 300 copies.

Editorial address: 28, Shevchenko str., of. 219, 220, Almaty, 050010, tel. 272-13-19; 272-13-18,
http://physics-mathematics.kz/index.php/en/archive

© National Academy of Sciences of the Republic of Kazakhstan, 2021

Address of printing house: «NurNaz GRACE», 103, Ryskulov str, Almaty.



News of the National Academy of sciences of the Republic of Kazakhstan

NEWS

OF THENATIONAL ACADEMY OF SCIENCES OF THE REPUBLIC OF KAZAKHSTAN
PHYSICO-MATHEMATICAL SERIES

ISSN 1991-346X

Volume 1, Number 335 (2021), 26 — 31 https://doi.org/10.32014/2021.2518-1726.4

UDC 004.89
IRSTI 28.23.01

A.Y. Zhubatkhan, Z.A. Buribayev,
S.S. Aubakirov, M.D. Dilmagambetova, S.A. Ryskulbek

Al-Farabi Kazakh National University, Almaty, Kazakhstan.
E-mail: d.m.d97@mail.ru

COMPARISON MODELS OF MACHINE LEARNING
FOR MOVIE RECOMMENDATION SYSTEMS

Abstract. The trend of the Internet makes the presentation of the right content for the right user inevitable. To
this end, recommendation systems are used in areas such as music, books, movies, travel planning, e-commerce,
education, and more. One of the most popular recommendation systems in the world is Netflix, which generated
record profits during quarantine in the first quartile of 2020. The systematic approach of recommendations is based
on the history of user selections, likes and reviews, each of which is interpreted to predict future user selections. This
article provides a meaningful analysis of various recommendation systems, such as content-based, collaborative
filtering and popularity. We reviewed 7 articles published from 2005 to 2019 to discuss issues related to existing
models. The purpose of this article is to compare machine learning algorithms in the Surprise library for a
recommendation system. Recommendation system has been implemented and quality has been evaluated using the
MAE and RMSE metrics.

Keywords: recommendation system, analysis of machine learning approaches, Surprise library, collaborative
filtering.

1. Introduction

Recommender systems are algorithms designed to offer users the appropriate elements.
Recommender systems are a class of information filtering systems whose main purpose is to provide
personalized recommendations, content and services to users. Recommender systems typically help users
find products such as films, books, articles, news, and others that match their personal preferences and
needs [1].

Personalized recommendation blocks are the most obvious example of user personalization. The web
service ranks the objects in order of relevance for a particular user based on user history. For example, on
Netflix service, rough estimates posted continuous content [2]. The user is not able to watch the whole
movie, so users search for a movie that they like by using stories at the same time. The task of this system
is to build a personal stream that is interesting to the user based on the website.

Recommender systems are not necessarily intended to recommend certain objects to users. To
increase the effectiveness of promotions, online stores resort to the help of recommendation systems in
order to identify the most interested users in one of the products. Recommendation system predicts the
degree of interest of each user to a particular product based on purchases and their responses to
promotional letters [3].

Referral systems are really important in some industries, as they can generate huge revenues when
they are effective. As evidence of the importance of recommender systems, we can mention that a few
years ago Netflix organized a contest with a prize of $§ 1 million, where the goal was to create a
recommendation system that works better than its own algorithm [4].

Recommender systems work with two types of information:

1. Characteristic information. This is information about elements and users.

2. User interaction. This information is such as ratings, number of purchases, likes, etc.
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Based on this, we can distinguish three algorithms used in recommender systems:

1. Content systems that use specific information.

2. Collaborative filtering systems based on user interaction with the element.

3. Hybrid systems that combine both types of information in order to avoid problems that arise when
working with only one type.

Collaborative methods of recommendation systems are methods that are based on past interactions
recorded between users and subjects to develop new recommendations. These interactions are stored in the
so-called "user-element interaction matrix" [3]. Then, the basic idea that governs collaborative methods is
that these past user-element interactions are enough to detect similar users or similar elements and predict
based on these assumed approximations. However, since only past interactions are taken into account for
making recommendations, collaborative filtering suffers from a “cold start problem™: it is not possible to
recommend something to new users or recommend a new item to any users, and many users or elements
have few interactions too. This drawback can be eliminated in different ways: recommend random items
to new users or new items to random users, recommend popular items to new users or new items to most
active users, recommend a set of different items for new users or a new item to recruit different users.

Unlike collaborative work methods that rely on the interaction of user elements, content-based
approaches use additional information about users or elements. If we look at an example of a movie
recommendation system, this additional information could be, for example, age, gender, work or any other
personal information for users, as well as the category, main characters, duration or other characteristics
for movies [5].

Then the idea of content-based methods is to try to build a model based on the available “functions”
that explain the observed user interactions with the element.

Content-based methods suffer much less from the “cold start” problem than collaborative approaches
[6]. Only new users or elements with previously unseen features will logically suffer from this
shortcoming, but as soon as the system becomes old enough, it will have little chance of not happening at
all.

2. Methods

To develop recommendation system algorithms, used the Surprise library, which was built by Nicolas
Hug. Surprise is a library in Python scikit for recommender system, which is able to build an algorithm,
that is nothing but a class derived from “AlgoBase” that has an “estimate” method. This is the method that
is called by the predict() method. It takes in an inner user id, an inner item id, and returns the estimated

rating r,; . But the dumbest algorithm returns a set rating value.

In this research used MovieLens datasets by the GroupLens Research Project at the University of
Minnesota. Dataset consists of 100,000 ratings (1-5) from 943 users on 1682 movies. Each user has rated
at least 20 movies [7].

To fit prediction algorithms, it requires a similarity measure, which builds a similarity matrix and
returns value depending on the similarity of films and users.

To make a cleverer algorithm that predicts the average of all the ratings of the train set. As this is a
constant value that does not depend on current user or item, we would rather compute it once and for all.
This can be done by defining the fit method. This way, we can fit our algorithms for training sets.

To prediction used the prediction algorithms package of Surprise library, which includes the
prediction algorithms available for recommendation. We used nine type of prediction algorithm:

1. NormalPredictor is an algorithm which predicts a random rating based on the distribution of the
training set, which is assumed to be normal.

2. BaselineOnly is an algorithm which predicts the baseline estimate for a given user and item.

3. KNNBEasic is a basic collaborative filtering algorithm.

4. KNNWithMeans is basic collaborative filtering algorithm, taking into account the mean ratings of
each user.

5. KNNBaseline is a basic collaborative filtering algorithm taking into account a baseline rating.

6. SVD is equivalent to Probabilistic Matrix Factorization.

7. NMF is a collaborative filtering algorithm based on Non-Negative Matrix Factorization. It is very
similar with SVD.
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8. SlopeOne is a straightforward implementation of the SlopeOne algorithm. Coclustering is a
collaborative filtering algorithm based on co-clustering.

At the end, calculated evaluation metrics root mean square error (RMSE) and mean absolute error
(MAE) on a 5-fold cross-validation procedure by formula (1) and (2). The folds are the same for all the
algorithms [8].
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3. Results

Nine types of machine learning models showed different results for evaluation of quality: MAE and
RMSE [9]. Training is conducted for datasets MovieLens 100k to compare the performance of machine
learning algorithms: SVD, KNN, KNNwithMeans, KNNBasic, BaselineOnly, Coclustering, SlopeOne,
NMF and Normal Predictor. First, the overall results of the MAE and RMSE for all approaches in Figure
1.

a7

(a) (b)
Figure 1 - Results: a - results of MAE for each approach, b - results of RMSE for each approach
Here, brown line — Normal Predictor, orange line is KNN, red line is NMF (Not negative matrix
factorization), violet line is KNN with Means and grey blue line for KNN Basic, dark green line is

CoClustering, blue line is BaselineOnly, green line is SVD (Support vector machine) and salad green line
is for SlopeOne.
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Figure 2 - RMSE results. a - KNN, KNN with Mean, KNN Basic and NMF and b - SVD,
BaselineOnly, Coclustering, SlopeOne

Figure 2.a shows result of RMSE for some algorithms, which are better than Normal Predictor. Here,
blue line is KNN, orange line is NMF, green line is KNN with Means and red line is KNN Basic. In
Figure 2.b shows top results of RMSE for four algorithms: SVD, BaselineOnly, Coclustering, SlopeOne.
Here, green line is Coclustering, red line is BaselineOnly, orange line is SVD and blue line is for
SlopeOne.

— )8 ——
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Figure 3 shows results of MAE for all approaches without Normal Predictor:

@ (b)

Figure 3 - MAE results: a - all approaches, b - good results

In 3.a, orange line is KNN, red line is NMF, brown line KNN Basic, BaselineOnly by violet line,
green line is Coclustering, pink line is SlopeOne, blue line is SVD, grey line KNN with Mean. Mean
absolute error returns good results for two approaches: KNN with Means and SlopeOne. Figure 3.b in
scaled view for approaches with good result:

Here, the orange line is SlopeOne, the blue line is SVD, the line is for KNN with Means. As we can
see that the best results of MAE are KNN with Means and SVD predictions algorithms.

4.Conclusion. Recommendation systems make convenient Internet by predicting the right content for
the right user. But also gives the other problem such as: what kind of approach to use, indeed this method
is inevitable for a given dataset? This paper discussed the nine traditional approaches and highlighted their
advantages and disadvantages by evaluation mean absolute error and root-mean-square error. By
measuring the quality closed SVD and KNNwM algorithms predicted with minimal mean absolute error
(MAE), but by root-mean-square error (RMSE) the best predictors are SVD and SlopeOne. In table 1
shown prediction algorithms with values of MAE for spited into 5-fold cross validation.

Table 1 - MAE results of the best approaches for given results

Algorithms Fold 1 Fold 2 Fold 3 Fold 4 Ford 5 Mean Std
SVD 0.7417 0.7405 0.7347 0.7384 0.7354 0.7381 0.0037
KNN with Means 0.7501 0.7430 0.7528 0.7511 0.7485 0.7491 0.0034

As we can see that the best results of RMSE are BaselineOnly and SlopeOne predictions algorithms.
In Table 2 shown prediction algorithms with values of RMSE for spited into 5-fold cross validation:

Table 2 - RMSE results of the best approaches for given results

Algorithms Fold 1 Fold 2 Fold 3 Fold 4 Ford 5 Mean Std
SVD 0.9418 0.9345 0.9373 0.9353 0.936 0.937 0.0085
SlopeOne 0.9425 0.9493 0.9477 0.9458 0.9405 0.9452 0.0033

A.BIL. Ky6aTtxan, K.A. Bypudaes,
C.C. Ay6akupos, M. /I. lnnemaraméeroBa, C.A. PoicKky10ek

on-dapabu ateiagare KasYV, Anvarel, Kazakcran

®WUJIbM YCBIHY )KYUEJEPIHE APHAJIFAH MAIIIMHAJIBIK,
OKBITY MOJAEJBJAEPIH CAJIBICTBIPY

Annotanusi. Kazipri HHTepHET TeHICHIMACH! KOJJAHYIIbIFa HAKTHI 9pi KAKETTI KOHTEHTTI YCHIHYJBI CO3CI3
opeiHAaIeL. OChl MaKcaTTa YCHIHEIC KYHeepi My3bIKa, KiTarr, (GUIIbM, casxart jKocmapiay, 3JIeKTPOHIBI cayaa, OimimM
Oepy oHe Tarpl OacKka cajaiapia KOJJaHBUIAABl. OJNEeMICTi €H TaHbIMaJ YCHIHBIC xKyhenepiniH 0ipi — Netflix. by
kapaaTuH ke3inae 2020 xKbpUIIsH OipiHIIi MayCBIMBIHIA TAMIA TYCIpY KaFbIHAH PEKOPAKA KETTI.
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¥YchIHBICTApFa KYHen Ke3Kapac MaijaJaHylbulapblH TaHIAybIHbIH, YHATYbIHBIH JKOHE IIOIYIapbIHBIH TapH-
XbIHA HET13/IeJI'eH, OJIap/IbIH dpKaiChIChl OoMalak naijananymbuiapblH caiiaybiH 00JpKay peTiHe TYCIHIIpiIeIi.

Makaia Ma3MyH¥ra, OipJecKeH Cy3rijiey jkKoHe TaHBIMAIIBIK CEKUIAl TYPJIl YCHIHBIC JKYHeNepiHiH TajiamachkiHa
Herizaenred. KonjaHblcTarbl MOJIeNIbAEpre KaThICThI Macelnenepai Tankpuiay yuris 2005 sxbuinan 2019 xbutra neiin
KapusUlaHFaH 7 MakajaHbl KapacThIp/AbIK. MakanaHblH MakcaTbl — YChIHBICTAp KyHecl yIiH Surprise KitarnxaHachIH-
JIaFbl MAIIMHAIIBIK OKBITY alITOPUTMIEPIH CaNBICTHIPY. ¥ CBIHBICTAp JXKyieci Oarnapiaamanansl opi MAE sxone RMSE
carra KepceTKIITepiH KoJIaHy apKbUIbl OaraaaHIbl.

Tyiiin ce3mep: ychIHBICTAp XKYyiieci, MAIIMHAIBIK OKBITY TSCUIAEPIH Tajnay, Surprise KiTamxaHacsl, OipiaeckeH
Cy3rijiey aici.

A.BL Kyb6atxan, K.A. Bypubaes,
C.C. Ay6akupos, M. /JI. /lnnemaraméeroBa, C.A. PoicKky/10ek

Kazaxckuit HallMOHANIBHBIN yHUBEPCUTET UM. allb-Dapabu, AMaThl

CPABHEHUE MOJEJIA MAIIMHHOI'O OBYYEHUA
JJIs1 CUCTEM PEKOMEHJAIIU ®NJIBMOB

AHHOTanusl. VIHTEpHET-TEHAEHIMS [eJlaeT HEW30€KHOW IPE3CHTALMIO HYXXHOTO KOHTEHTA JUIS HY>KHOTO
nosb3oBarens. C 3ToH LeNbl0 peKOMEHATENbHBIE CHCTEMBI HCIIONB3YIOTCA B TAKHX O0NAcTAX, KaK My3bIKa, KHUTH,
(buIIBMBI, IITAHMPOBAaHKE Iy TELIECTBUHN, SIIEKTPOHHAsI KOMMepuus, oOpazoBanue u T.1. OfHa U3 caMbIX MOMYIISIPHBIX
cucrem pekomeHnanuii B mupe — Netflix, KoTopasi mpuHecia peKopAHYyI0 NpUObLIL BO BpeMsl KapaHTHHA B NIEPBOM
kBapTtaine 2020 roxa.

CucremMaTHYeCKUM moAaxoJ K pEeKOMCHAAIUAM OCHOBAaH Ha HWCTOPHUHU IMOJIB30BATCIIBCKUX BblGOpOB, JIallkOB U
0030pOB, KaX/1asi U3 KOTOPBIX HHTEPIPETUPYETCSI KaK IpeIcKa3aTenb Oy IynX BEIOOPOB M0Ib30BaTENEH.

B 31001 crarbe mpencTaBieH conepKaTeNbHbBIM aHAJIW3 pPa3JIMUHBIX CHUCTEM PEKOMEHAAIMH, TaKHX Kak KOH-
TEHTHas, COBMECTHasI (PUIIbTpaLyisl ¥ MOy ISIPHOCTB. MBI ipocMoTpenu 7 crateit, omyonkoBanHbx ¢ 2005 mo 2019 rox,
4TOOBI OOCYIHUTH BOIIPOCHI, CBSI3aHHBIE C CYIIECTBYIOIIMMH MOAETSIMH. Llesb 3TOH CTaThH - CPAaBHUTH AJTOPUTMBI
MaIIMHHOTO O0Oyd4eHUs B OMOMMOTeKe Surprise AN PeKOMEHAATeIIbHOW CHCTeMBl. BHeIpeHa cuctemMa peKOMEH-
JTAIIHiA, ¥ Ka4eCTBO OIICHEHO C MCITONb30BaHueM mokasareneit pyukinuiit MAE u RMSE.

KnioueBble cj10Ba: peKOMEH/ATENbHbIE CHCTEMBI, aHAIU3 MMOAXOA0B K MAallMHHOMY OOy4eHHIo, OMOIHOTEeKa
CIOPIIPH30B, KOJUTAOOpaTHBHAs (DUIBTPaLUSL.
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