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MNPOI'HO3YBAHHSA YCHIINHOCTI CTYIEHTIB
HA OCHOBI METO/IB IHTEJIEKTYAJIBHOI'O AHAJII3Y JAHUX
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Poszenanymo 3a0auy npocno3yeanus ycniiHocmi cmyO0eHmie HagyaibHUX npocpam.
3iopano ma cgopmosano eudipky oanux ma ocHosi amanizy pesiome 101 xanoudama
Ha Hasyamus 3a npocpamoro «lnocenepis npozpammozo 3abesneuenusny». [ocniodiceno
HU3KY Memo0i6 MAWUHHO20 HAGUAHHS 015l pO38 A3aHHA nocmaeienoi 3adaui. Oyinka
ehexmusrocmi pobomu 0OpaAHUX MemOoOi8 MAUWUHHO20 HAGUAHHS Ni0 4acC PO36 A3AHHS
nocmaenexoi 3adaui 8i00Y8ANACs HA OCHOBI PI3HOMAHIMHUX NOKA3HUKIE. Bcmawnosie-
HO, W0 HAuUWy moyHicms pooomu 3a0e3neuyroms 102icmuina peepecis ma an2opumm
8UNAOK06020 Jicy. Busasneno, wo egexmuenicms 3acmocy8ants yux memooie He € 6u-
COKOIO A MAE 8ENUKY 3ANEHCHICID 6I0 BUOIPKU OAHUX, KOHKPEMHO20 KOHMEKCHY ma
nocmasnenoi 3a0aui.

Knrwowuogi cnosa: inmenexmyanvhuil ananiz oanux, npoeHo3yeanns, random forest,
3a0daua pezpecii, YCRIWHICMb, HABYANbHI NPOSPAMLUL.

IocTranoBka npodjaemu. EdexTrBHUI po3B’SI30K 3a/1a4yi NPOrHO3yBaHHS YCIill-
HOCTI CTYZIEHTIB HaBYaJbHMX MPOTpaM BiIKPHBA€E 0araro MOXKIMBOCTEH Y CTBOPEHHI
OLIBILI SIKICHUX HAaBYAJILHHUX IIPOTpaMm, IPOLIECiB Ta pe3yibTariB. JlociikeHHs, 110 aHali-
3yI0Th MOYJIMBOCTI IPOTHO3YBaHHS, 34€01JIBIIOr0 30CepeIKeHi Ha BUSBJICHH] (DaKTOPiB,
1110 MalOTh BIUIMB Ha MIPOIYKTUBHICTH CTYACHTIB, Ta MOIIYKY HOBUX METOAIB, 110 Jal0Th
3MOTY TOYHIIIE BUPILIyBAaTH II0 334ady. 31eO1IbIIOr0 BUKOPUCTOBYETHCS MPOLEC iH-
TeieKkTyanbHoro aHamizy ganux (IA/J]), mo BUKOpHUCTOBYE NaHi, SIKi 3reHEPOBAHO Pi3HO-
MaHITHUMH CHCTEMaMH YIIPABIiHHS HABYAIbHUM IPOLIECOM JUI MOIIYKY LIa0JIOHIB Ta
MPUXOBAaHUX 3aKOHOMipHOCTeH. HalibinpIn 3acTOCOByBaHMMHU MiAXOAaMU 1HTENICKTY-
aJbHOTO aHAIli3y JaHWX Y HAaBYaHHI € KiacTepu3allis, kinacudikaris Ta acoriamis. i
METOIUKH ITMPOKO BUKOPUCTOBYIOTHCS ISl CTBOPEHHSI PEKOMEHAALIi il Ta BJIOCKOHAJICHHS
HaBYAJILHUX MporpaM Ta mpoueciB. OKpiM IbOro, iX 3acTOCOBYIOTH AJISl BU3HAYCHHS
0OI'PyHTOBAHOTO PO3YMIHHS KPUTEPIiB, AJIs MOJAJIBIIOTO IPOTHO3YBAHHS Ta CTBOPEHHS
CUCTEM MPUUHATTS piieHb. HaBuanbHuil mporpec Oyab-sKoro cyd’€eKTa HaB4aHHS MOXKE
OyTH PO3yMHO Ta SIKICHO OLIIHEHHH, 3 OIVIsILy Ha B3a€MOJIIO Pi3HUX (aKTOpiB Ta BUSB-
JICHHS acouiarii.

AHaJi3 oCTaHHIX J0CiTKeHb Ta myOmikamiii. He3paxxaroun Ha BEJMKY KUTBbKICTh
JAHHX, 3r€HEPOBAHUX PI3HOMAaHITHIMH CUCTEMaMH yTIPaBIIiHHA HABYaHHSM, y OLIBIIOCTI
JOCTIKEHb PO3MISAAI0THCS OJHOTUITHI (PAaKTOPH Mij Yac MPOrHO3yBaHHS! yCIIIIHOCTI.
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OpnHuM 13 Takux (aKTOPiB € OL[IHKA YCIIIMIHOCTI 00paHoro cryneHTa. Bubip takoro
(axTopa € 0O4EBUIHUM, OCKIJIBKH HOTO JIETKO OPIBHIOBATH T BiH Ma€ 4iTKe 3Ha4eHHS [ 1].
[ToTouHa cepeaHs OLIHKA € ICTOTHUM (DaKTOPOM, 1[0 BILUIMBAE HA MPOTHO3 YCHIIIHOCTI
[2]. Takoxx Moxke OyTH pO3IIsiHyTa KOMOiHAIisl OLIHOK i3 MONEpeaHixX MepioiiB HaB-
gyanHs. [IpoTe sKmo po3misiiaTy Haury Kpainy, ocoOnuso 1T-cnenianbHOCTI, MU HE MO-
’KeMo OyTH BIEBHEHI, 110 CEPEJIHs OLiHKA € BAXKJIUBUM (aKTOPOM, SIKUH Ma€ BIUIUB
Ha MOAAJIbIIy Kap’€py Ta MOXIHUBICTH OTpUMAaTH poOoTy 3a creuiaibHicTio [3]. Tyt
NOTPiOHO 3ayBa)kKMTH, IO CaM€ KOHKPETHHUH CIIMCOK KOMIICTECHLH, SIKi Ma€ ONaHyBaTH
CTYICHT, € BXKJIMBIILIUM (PaKTOPOM JUIS TOAAIBLIOTO0 NpanesiamTyBantsa. OKpiM 1bOTo,
BHU3HAYCHHS TAKUX KOMIICTCHLIH € OKPEMHMM BEJIMKHUM 3aBJAaHHIM IIiJ Yac MoOyaoBU
Oynb-s1K01 HaB4AIbHOI IIporpamu [5].

Bonnouac icHye iHIIMI BHKJIMK, MOB’S3aHUM 13 MPOTHO3YBaHHSAM YCHIIIHOCTI Ta
¢inanpHuX ouiHOK. IIpOrHO3yBaHHS CHOTOHI 3arajoM 3AIHCHIOETHCS SIK OIHOPAa30BE
3aBAaHHs 1 He nepeadayae MOCTIMHOTO BiJCHIAKOBYBAaHHS MIPOTPECY B HaBUAHHI Ta Iie-
persiLy pe3yiabTaTiB MPOrHO3yBaHHs, 0a3ylOunCh Ha pe3ysibTaTax OCTaHHIX €TalliB HaB-
YaHHS Ta NepeBipku 3HaHb. OTKE, aNrOPUTMHU MIPOTHO3YBAHHS MAlOTh BPAaXOBYBaTH HE
TIJIBKH ITOTOYHY CEPEIHIO OL[IHKY BIAMOBIZIHOTO CTYAEHTA, a i 3arajbHUil TeMN Ta Mpo-
rpec y 3acBO€HHI Marepiany. AJKe KOXKEH CTYyACHT Ma€ CBifl CTHIIb, MiJXiJ Ta METOX
HaBYaHHSA. 3 OIVISILY HA 11e, MOKHA JOCSTTH OLIbLI TOYHOTO MPOTHO30BAHOTO 3HAYCHHS.
Xoua npu UpOMY 3arajbHa CKJIaIHICTh CUIBHO 3pocTac [4].

Merta cTaTTi — IPOTHO3YBAaHHS YCHILIHOCTI MPOXOKEHHS BCTYIHOTO TECTY IO-
TEHUIHHUMH KaHIUAATaM{ Ha HaBYaHHS 3aC00aMU MAIIMHHOTO HAaBYaHHS.

Metonu gocaigxenns. [lani 1 mporo J0CTiKEHHs 310paHO HA OCHOBI aHAIIZY
pestome 101 xangumara Ha HaBYaHHS 3a Iporpamoro «lHxeHepist mporpaMHoro 3ades-
TIEYEHHS HA KOMEPIIiiHi OCHOBI.

VY 1abn. 1 mogaHo CTPYKTYpy 3allMCiB IaHUX CTYIEHTa Ta onuc ycix arpudyTis. Ce-
pel 3asBHUKIB Ha0OPY JIaHUX 32 TeHIEPHOI0 03HAKO — 73 % 40J0BIKiB 1 28 % KiHOK.
Ls crarucTrka BioOpaskae MOTOYHUIN PO3IOJILT 32 CTaTeBOIO 03HaKow0 y cdepi IT [6].

[loreHuiliHi kKaHAUAATH KIacu(iKyIOThCS Ha 2 KaTeropii 3aje;KHO Bil pe3ysbTraTiB
MIOYATKOBOTO TecTy. Y BuOipui nanux 23 % kaHAWAATIB NPaBUIILHO BiINOBIIM Ha OliIbIIe
HiK 66 % 3anuTanp TecTyBaHHs. [y aHami3y Ta Bisyasizamil BAKOPHCTOBYBAJIOCS HPO-
rpamue 3abe3neuenHs Weka. [ nociiukeHHsT 00paHO Taki aJrOpUTMH MAIIMHHOTO
nHapuaHHA: Logistic Regression (LR), Support Vector Machines (SVM), Multilayer Per-
ceptron (MP), Random Forest (RF). Ix Bu6ip 3yMOBI€HO TOUHUMH pe3yabTaTaMu poOOTH
B HasBHUX Ipaisix [7].

Tabmums 1
Omnuc arpudyTiB BUOIPKH A0CTiTKEHHS
AtpubyT Omnmc
1 2

Test Score | Pesynbrar mouarkoBOro TecTy:
Tak: pesynbrar Tecty> = 66 %
Hi: pesynbrar Tecty <66 %
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[Iponowxennas Tabdm. 1

Age 3 kareropii BiKy CTY/JCHTIB:

<= 22: NOTOYHMH CTYIEHT YHIBEPCUTETY

> 22 1 <29: BUIlyCKHHUK

> =29: 3asBHUK, IKHIA X04Y€ 3MIHUTH IPOQECito

Gender YooBiva uu xiHOYA

Degree Y: mae a6o 37100yBa€e OCBiTY, OB’ A3aHy 3 TAIy33F0 POrPAMHOTO
3a0e3neueHHs
N: mae abo 3100yBae OCBITY, HE TIOB’s3aHY 3 TaJIy3310 IIPOrPaAMHOTO
3a0e3neueHHs

Experience | Y: mae Oyap-skuii TOCBia Ha OyIb-sIKiil MO3UIII1
N: OIHOTO TOCBiY

Training | Y: mpoMIUTH T0JaTKOBE HABYaHHS, OB’ A3aHE 3 1HKCHEPIEI0 TIPOrPaMHOTO
3abe3neueHns. OHnaifH abo oduaitn

N: Hemae iHpOpMaIIii Tpo ydacTs y Oyab-IKOMY HaBUaHHI, TIOB’I3aHOMY 3
PO3pOOKOFO IPOrPaMHOTO 3a0e3MECUCHHS

Random Forest (RF). lle oquH i3 MOMIMPEHUX METOAIB MAIIMHHOTO HABYaHHS, IO
MoJIsiTae 'y BUKOPHCTaHHI aHCAMOIIO jiepeB pimeHb [8, 9]. 3acTocoByeThCs s 3a71a4
kiacudikawii, perpecii i kactepuzauii. lepeBo pimeHs Oyny€eTbes 3 BUKOPUCTAHHSIM HaB-
YajbHOT BUOIPKH Ta MOHATTA eHTporii. Ha koxHOMY By311i 00upaeTbes OOUH aTpuOyT 3
JTAHWX, SIKUH Halie(DeKTUBHIIIIE TUTHTh HABYAJIbHY MHOXHHY Ha T IMHOXKHHH, 1110 HAWOITBIIT
PO3pi3HAIOTHCA. | 0JOBHUM KpUTEpieM At BUOOPY € HOPMOBAaHHH MpUpicT iHpopMarii.
ATpuOyT 13 HalOUIPIIMM HOPMAaJIi30BaHUM HPUPOCTOM iH(OpMaii BUOUpPAETbCS LIS
NPUAHSTTS PilIEHHS 1010 NOALTY JaHUX Yy BY3Ji Jepesa.

Logistic Regression (LR). Jlorictuuna perpecisi — CTaTUCTHYHMNA perpecidiHui
METOJl MOJCIIOBAHHS 3aJISKHOCTI MiXK BEKTOPHOIO 3MIHHOIO Ta CKAJSIPOM (BUXITHUM
3HaueHHsAM). Llell MeTox € y3aranbHEHHSIM METOAY JIIHIHHOI perpecii 1 3aCTOCOBYEThCS
Y BHIIQ/IKY, KOJIM 3aJIe)KHA 3MIHHA MOKe HaOyBaTH JIMIIE CKIHUCHHOT MHO)KMHH 3HAaUCHb.
[TapaMeTpu OLIHIOIOTHCS HA OCHOBI BaJlijalliifHOT BUOIPKM 3a3BHUYail 3a JIOIIOMOIOIO
METOY MaKCHMaJlbHOI mpaBronofionocti. OCHOBHA BiMiHHICTH Ta IiepeBara TaKOro
MiAXOMy Bifl IHIINX MOZAEJICH 1 aJITOPUTMIB € OLIIHKA PE3YIIBTaTY, IKy MOXHa 0yi0 0 po3-
IVISLIATH SIK 3HAYEHHS IMOBIPHOCTI JUIsI IEBHOT'O KJIacy.

Support Vector Machines (SVM). MeTton onopHHUX BEKTOPIiB — KaTeropis yHiBep-
CaJIbHUX MEPEX NPsSMOTo MOLIMPEHHs, Ky 3anporonysas B 1963 p. Banuik [10]. Me-
Tox SVM HaOyB NOLIMPEHHS B OCTaHHE NSCATHIITTS AJs 3a1a4 Kiacudikaiii, perpecii
Ta imeHtudikamii. Baxxnusoro BnactuBicTio SVM € Te, 1110 BU3SHAYSHHS MapamMeTpiB
MoZIeTl BiANoBigae 3ajavi BUMYKJIOl onTuMizauii (convex optimization), i Tomy Oyab-
SIKUH JIOKAJIbHUH PO3B’SI30K TaKoX € TiodanbHuM. Takuil migxin a0 kinacudikarii me-
pendadae po3mIsiL MOHATTA MOAUTY (margin), sike BU3HAYa€TbCs K MiHIMalbHA Bif-
CTaHb BiJ TIEPIUIOIMHM 10 3pa3KiB 3 BUOipku. Pozainsioua rineprutomuta OyayeTbes
B TaKHil croci0, mod MakCHMi3yBaTH 3HAYCHHsI MOALTY. PO3MIIEHHS TiepIuIonuHu
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BU3HAYAETHCS MIAMHOXKHMHOIO TOUOK JJaHUX, BIIOMHX SIK OMOPHi BekTopH. [ Toro mod
3po0uTH KiIacudikatop OB HOTYXHUM, Y 1992 p. 3anpornoHoBaHo crocid CTBOPEHHS
HeliHiHOrO KiacudikaTopa, B OCHOBY SIKOTO MOKJIAJEHO Mepexid Bil CKAIAPHUX J10-
OyTKiB JI0 TOBUIBHUX sIIIED.

Multilayer Perceptron (MLP). baratomapoBumMy epcenTpOHH Ha3UBaIOTh HEMPOHHI
Mepeki IpsAMOro MOMHUPEHH. BXigHNI curHan y Takux Mepexax MOLIHNPIOETHCS B MIPsi-
MOMY HalpsIMKY, BiJ] IIapy /10 mapy. bararomapoBuii mepcenTpoH 3arajioM CKIaAaeThCs 3
TaKUX €JIEMEHTIB: Oe3J1iui BXiIHUX BY3JIiB, sIKI YTBOPIOIOTH BXIJHUH 1Iap; OJHOTO abo Jie-
KIJIbKOX PUXOBAHMX ILIapiB 00UMCIIOBAIBHUX HEHPOHIB; OJHOIO BUX1THOTO 11apy HEHPOHIB.
BararomapoBuii epcenTpoH — y3arajlbHEHHs OJHOLIapOBOro nepcentpoHa Posenonarra.

st oniHky eeKTUBHOCTI poOOTH 00paHMX METOJIB MAIIMHHOTO HABYAHHS BHKO-
pucTaHo Taki nokasHUkH: Kappa statistics; Mean absolute error (MAE); root-mean-square
error (RMSE); TP rate; FP rate; precision, and MCC; F-measure; ROC Area; PRC Area.
[Ipouec nepexpecHoi nepeBipku noBTOproBascst 10 pa3iB i KOKHOTO BUKOHAHHS aJl-
TOPUTMY.

OcHoBHi pe3yabTaTu. Pesynprati poOOTH KOXXKHOTO JOCHTIHKYBAHOTO METOLY JUIS
PO3B’s13aHH TOCTABJICHOT 3a7ja4i MOAAaHO y Taoui. 2.

Binnosigno no orpumanux pesyasraris, Multilayer Perceptron ta Support Vector
Machines maroth moaioHi1 3HayeHHss RMSE. Ananoriyno 1oaiOHl 3HaYeHHS MArOTh all-
roput™u LR ta RF. SVM Mae naitanxue snauenns Kappa Statistic. Skiio Opartu 1o yBaru
snadeHHs K statistic Ta RMSE, To MoxxHa BBaxkatu, 110 aJITOPUTMaMU 3 HAHKPAIIOIO
mBuakonieto € Random Forest Ta LR.

Tabmug 2
Pe3yabTraTu po6oTH q0caiKyBaHUX MeTOdIB
Random Multilayer Logistic Support
Forest Perceptron Regression Vector Machines
K statistic 0.0342 0.0026 0.067 0
MAE 0.3153 0.3295 0.3445 0.2277
RMSE 0.4469 0.4735 0.4344 0.4772

Pesynbratu miis merpuk TP rate, FP rate, precision, recall, f-measure, MCC, ROC
ta PRC nonaHni y Tabm. 3.

Tabmung 3
Pesyabratn nokasnukis egpexruBHocTi TPrate, FPrate, precision, recall, f-measure,
MCC, ROC ta PRC

Class TP Rate | FP Rate | Precision | Recall | f-Measure | MCC | ROC | PRC
0 0.872 | 0.870 0.773 10.872 0.819 |0.003]0.589|0.280
1 0.130 | 0.128 0.231 [0.130 0.167 |0.003|0.589 |0.835

Weighted
Avg.

Multilayer
Perceptron

0.703 0.701 0.649 | 0.703 0.671 0.003 | 0.589 | 0.708
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[Iponowxenns Tadm. 3

0

0.897 | 0.870 | 0.778 |0.897 | 0.833 |0.038

0.650

0.877

1

0.130 0.103 0.273 | 0.130 0.176 0.038

0.650

0.316

Random
Forest

Weighted
Avg.

0.723 | 0.695 | 0.663 |0.723 | 0.684 |0.038

0.650

0.749

0

0.962 0.913 0.781 0.962 0.863 0.094

0.570

0.846

1

0.087 | 0.038 0.4 0.087 | 0.143 |0.094

0.570

0.287

Logistic
Regression

Weighted
Avg.

0.762 0.714 0.694 | 0.762 0.698 | 0.094

0.570

0.719

0

1.000 | 1.000 | 0.772 |1.000 | 0.872 -

0.500

0.772

1

0.000 0.000 - - - -

0.500

0.228

Weighted
Avg.

Support Vector
Machines

- 0.772 - 0.772 - -

0.500

0.648

Sk BUIHO 3 pe3ynbrari, anroput™m Logistic Regression neMoHcTpye HalBUIIMN
cepenniit noka3suuk TP Rate — 0.762. ToGto npubmuzHo 76.2 % nanux i3 BUOipku Oynu
KOpeKTHO mpoknacudikoBani. Haiinmwkunit TP Rate orpumano mix 4ac BUKOpHUCTaHHS
Multilayer Perceptron, a quist anropurmy SVM iioro B3araji He BIAJIOCh OTPUMATH.

SIKIIO NeperisHyTH 1HIII 3HAYeHHS! METPUK TOYHOCTI, TO MOXKHA MPOCTEKUTH, 110
Logistic Regression npakTHyHO 3a yciMa MOKa3HUKAMHU [OKa3ye HAaWBHUILE 3HAYCHHS.
Hactynnuwm 3a Hum 3a nokasuukamu € Random Forest. [Ipote ui pe3yasraru He MOXHA
Ha3BaTW BUCOKMUMHU. [Jis imocTpalii OTpuMaHuX pe3yibTariB Ha puc. 1, 2 1 3 HaBeneHo
ROC-xpusi ms meronis LR, RF ta MP Bianosigno. HaiiBuie 3nauennst ROC orpumano
it anroput™my Random Forest.

T

0

,
1] 0.5 1
: ﬁJ

i

Puc 2. ROC-xpuBa st merony Random Forest
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0

0 0.5 1

Puc 3. ROC-kpusa s merony Multilayer Perceptron

I[O,ElaTKOBO y Tabm. 4 MMOoJAaHO MAaTpHUIIO ITOMUJIOK.

Tabmug 4
Marpuust NIOMHWIOK AJ15 00PaHNX METO/IB
Loglst%c Random Forest Multilayer Support Yector
Regression Perceptron Machines
(a) (b) (a) (b) (a) (b) (a) (b)
a=1 2 21 3 20 3 20 0 23
b=0 3 75 8 70 10 68 0 78

BucnoBku. Ha ocHoBi nanux 101 kaHamgara Ha HaBYaHHS 3a MporpaMoro «lH-
JKEHEpisi IPOrpaMHOro 3a0e3MeueHHS POaHai30BaHO €(PEKTHBHICTh YOTUPHOX 0OpaHUX
aJTOPUTMIB MAIIMHHOTO HAaBYaHHS JUIS PO3B’S3aHHS 3ajadui KiacuQikamii KaHIuIaTiB
BIJIMIOBIAHO 10 PE3YJIBTATIB BCTYIHOIO TeCcTy. BeTaHOBiIEHO, 1110 HAWBUILI MMOKa3HUKU
e(eKTUBHOCTI OTPUMAHO IiJl Yyac BUKOpHCTaHHs anroputMmiB Logistic Regression ta
Random Forest, a, cBoeto yeproto, mi yac Bukopuctanus Support Vector Machines ot-
PUMaHO HaWTipII pe3yJabTaTy cepel A0CIiIKyBaHUX METOMIB.
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The ability to predict student performance may open many opportunities in creation
of advanced and personalized educational programs as well as affect educational
process and quality of education. Most of the scientific publications are aimed to re-
search feasibility of predicting final students’ grades and finding the new methods and
approaches that allow to make predictions in more clear and precise way. In most cases,
the data mining method is used. All the data generated by any learning management sys-
tems is considered for predictive modelling. Nowadays many research publications in
area of educational data mining is published but still there are many potential fields of
research since all the scientific results are highly depended to context and data structure.
Prediction of students’ performance also depends on learning styles and teaching styles.

In this research, the problem of predicting the success of students of educational
programs has been considered. The methods of machine learning for solving the clas-
sification tasks have been selected for predicting student success. The data set, on
the basis of which the research on the productivity of the selected methods has been
conducted, has been described. Selected performance metrics have been used to evaluate
the accuracy of the selected methods. The methods of solving the classification problem
with the best performance indicators have been determined by experimental way. It
has been established that the highest accuracy of work is provided by the methods of
logistic regression and random forest. All the performance indicators of the algorithms
have been given, as well as the matrix of errors. It has been found that the efficiency of
applying these methods of methods is not high, and it has a large dependency on the data
set, the context and the defined problem.

Keywords: data mining, forecasting, random forest, regression, success, curriculum,
education, education data mining.
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