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Abstract. The paper presents a neural network-based approach to building a personalized
recommendation system for elective academic components. The proposed model combines embeddings
of students and courses, capturing latent features such as interests, difficulty levels, and content
categories. A multi-layer neural architecture processes student-course pairs to estimate the probability
of student interest. The system is trained using historical selection data and optimized with a binary
cross-entropy or ranking loss. Evaluation uses standard Top-N recommendation metrics, including
Precision@]10, Recall@10, Mean Average Precision (MAP), and NDCG@]I10. Experimental results
show significantly improved recommendation accuracy compared to classical collaborative and content-
based filtering methods.

VY cydacHiil BMIIIIl OCBITI CTYJEHTH MalOThb MOXJIMBICTH CAMOCTIHHO (HOpMYyBAaTH UYACTHHY
OCBITHBOI TpaekTOpii HUIIXOM BHOOPY BHOIpKOBHX OCBITHIX KommoHeHTIB (BOK). Taka rHydkicTh
CTBOPIOE 3alUT Ha IU(POBI IHCTPYMEHTH, SKI 3MaTHI MIATPUMATH 1HIUBiAyasli30BaHE MPUHHATTS
pimeHb. OIHUM 13 HAWMEPCIIEKTUBHIMINX PIIICHh € BIPOBAHKCHHS PEKOMEHJAIIMHOI CHUCTEMH, IO
0a3yeTbcsd Ha TIIMOOKIM HEHPOHHIM Mepexi, sfiKa MPOrHO3ye HaWpeJIeBaHTHINI KYpCH JJIsl KOKHOTO
cryneHta. Ilpore BHpoBajkeHHS TakuX MojeJel BHUMarae 4YITKOI CHCTEMH OI[IHIOBaHHS iX
e(eKTHUBHOCTI. Y I[bOMY KOHTEKCTI BaXKIMBOIO € ITOOYA0BAa METOMKH, 110 IPYHTYEThCS Ha 3aCTOCYBaHHI1
CMAaHOAPMHUX MeMPUK OYIHKU AKOCMI PeKOMEHOAYil.

Y nocnimkenHi 3amporoHoBaHo mozens Ha ocHoBi Neural Collaborative Filtering (NCF) 3
KUTbKOMA IMUTBHUMH IapaMH, M0 MPUKAMae Ha BXiJA eMOEJAWHTH CTYACHTIB Ta KypciB. MeToio €
nepeadaunTu HWMOBIPHICTH TOro, 1o cryneHT obepe meBHuid BOK. [l OIIHKM SKOCTI Takux
nepeadaveHp Oy10 BUKOPUCTAHO MOMUPEH] B Taimy3i MeTpuku: Precision@K, Recall@K, NDCG@K, a
takox Mean Average Precision (MAP).[2]

Precision(@1( — BU3Ha4Ya€e 4acTKy peJieBaHTHUX BHOIPKOBUX OCBiTHIX kommnoHeHTiB (BOK) cepen
nepumx 10 pexkoMeHa0BaHNX. BUCOKe 3HaUeHHS CBITYUTH PO TOUHICTh PEKOMEHAALIIH.

Recall@ 10 — BinoOpaxkae, Ky 4acTKy BCiXx MOJIHBUX peieBanTHUX BOK Bramocs oxonutu y
tor-10 pekomeHgaisx. Baxkinusa 1711 OLIHKYA TOBHOTH PE3YJIbTaTy.

Mean Average Precision (MAP) — ycepenHeHa MeTpruKa TOYHOCTI, SIKa BPaXOBY€ TTO3HUIIIIO0
KO>KHOTO PEJIEBAaHTHOTO eJieMeHTa y criucky. MAP kpaie BioOpaxae 3arajibHy SKICTh paH)KyBaHHS
MIPU HASIBHOCTI KUIBKOX PEJICBAaHTHUX 00’ €KTIB.
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NDCG@]10 (Normalized Discounted Cumulative Gain) — BpaxoBY€ He JIUIIIC HassBHICTb
peneBantHux BOK, ane # ix nopsiok y cnucky. Hajae Buty Bary peneBaHTHUM peKOMEHAIIISIM, SIKi
po3TamnioBaHi OJIMKYE 10 TTOYATKY CIHCKY.[3]

VYci ui MeTpuku 0yJi0 3aCTOCOBAHO /10 TECTOBOI BUOIpKH, 100 3a0€31eunTi 00’ €KTUBHY OLIIHKY
pEeKOMEeHIaliifHo1 31aTHOCTI MoAeli. HelipoHHa apxiTeKTypa AeMOHCTpY€E 3Ha4YHY TepeBary 3a MAP 1
NDCG, 110 cBiquuTh Ipo e(heKTUBHE paH)KyBaHHSA, a TAKOK KOHKYpPEHTHI 3HaueHHs Precision@10 ta
Recall@10 nmopiBHsiHO 3 6a30BUMU MOJCIISIMH.

Mertpuku 0yiio 06paHo 3 ypaxyBaHHAM CHEIM(]IKK OCBITHIX PEKOMEHAIiil: 0OMEXEHOT0 CIIUCKY
KYpPCIB, BOKJIMBOCTI TOYHOCTI Ta 30€peKEHHS aKaJeMiqYHOI aBTOHOMII CTy/IeHTa. 3aCTOCYBaHHS KIJTbKOX
KOMIUIEMEHTAPHUX METPHK J03BOJIAE OTPUMATH KOMIUIEKCHE YSBJICHHS IPO IMOBENIHKY MOJEINi B
peanbHUX yMOBax.[4]

OTtpumMaHi pe3yJabTaTH CBiIYaTh, [0 CTAHAAPTHU30BaHI METPHUKHU € HE JIMIIE 3aCO0OM OIIIHKH, a i
1HCTPYMEHTOM HAJIAIITYyBaHHS 1 BMOCKOHAICHHS PEKOMEHIAIIIHHOT CUCTeMH. Y TIEPCIIEKTUBI TUIAHYE€ThCS
BIIPOBA/DKEHHSI IUX METPUK Yy HaB4yalbHy IUIATGOpMy B peEaJbHOMY 4Yaci, 3 MOXKIJIHBICTIO
B1JICIIITKOBYBAHHS JIMHAMIKH SIKOCT1 pEKOMEH/IAIIi B 3aJI€)KHOCTI BiJ 3MiHU MTOBEIIHKH KOPUCTYBAUiB.
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