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Honarox b. JlicTuHT KOy 3 MOMEpPeIHbOI MiITOTOBKU JaHUX

import pandas as pd import seaborn as sns
students_df = pd.read_excel('ID Vlada.xlsx")

students_df.head(10)
# OyHKUiA BipHeceHHA CTyAeHTa AO rpynu 3anexHo Bip kinbkocTi 6oprie
def label student (n_fails):
if n_fails ==
return("ycniwuHo™)
if n_fails > @ and n_fails <= 6:
return("6opru")
if n_fails > 6:
return("6arato 6opris")

# CTBOpEHHA [OJATKOBOrO CTOBMUSA B AATy ceTi, Je BKA3yeTbCA rpyna CTyAeHTa 3ajiexHo Bipg
KinbkocTi 60prie

students_df[ 'rpyna 6oprie’'] = students_df.apply(lambda row:

label student(row[ 'HesagoBinbHux']), axis=1)

students_df.info()
students_df.isna().any()

import matplotlib.pyplot as plt
def draw_pie_diagram(name):
print(name)
name.plot(kind="pie")
plt.axis('equal’)
plt.show()

def draw_pie_diagram_advanced(name, lst=[], exp=None):
print(name)
if exp != None:
exp = exp
figl, ax1l = plt.subplots(figsize=(12,7))
axl.pie(name,explode=exp,labels=1st,autopct="%1.1f%%",shadow=True,startangle=90)
# O0HakoBe cniBBi0HoweHHA cmopiH eapaHmye, wo nupiz 6yde HamanvoBaHuli y Buensdi konaa
axl.axis('equal')
plt.tight_layout()
plt.legend()
plt.show()

print(students_df.groupby([ 'He3agoBinbHux'])["ID'].count())
print(students_df.groupby ([ 'He3agoBinbHux'])['ID'].count()/len(students_df.index)*100)
f,ax = plt.subplots(figsize=(15,10))

sns.countplot(students_df[ 'He3agoBinbHux'])

stud_sex = students_df.groupby(['Ctats'])['ID'].count()
draw_pie diagram_advanced(stud_sex, ['XiHoua', 'YonoBiua'], [0.1, @])

# sns.countplot(students_df[ '®opma HaB4YaHHS'])
print(students_df.groupby ([ '®opma HaB4aHHA'])["ID'].count())

print(students_df.groupby([ 'KBani¢ikauia', 'Kypc'])['ID'].count())
print(students_df.groupby([ 'KBanidikauia', 'Kypc'])['ID'].count()/
len(students_df.index)*100)

f,ax = plt.subplots(figsize=(15,10))

sns.countplot(students_df[ 'KBanidikauyia'],hue=students_df[ 'Kypc'])
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print(students_df.groupby([ '®opma HaB4aHuHa', 'KBanidikauyia'])['ID'].count())
print(students_df.groupby([ '®opma HaB4aHuHa', 'KBanidikauia'])['ID'].count()/
len(students_df.index)) f,ax = plt.subplots(figsize=(15,10))
sns.countplot(students_df[ 'KBanidikauyia'],hue=students_df[ 'd®opma HaB4aHHA'])

print(students_df.groupby([ '®opma HaB4yaHHA', 'KBanipikauia', ‘rpyna 6opries'])['ID']
.count())

print(students_df.groupby([ '®opma HaB4aHHA', 'KBanipikauisa', 'rpyna 6opris’'])['ID']
.count()/len(students_df.index))

print(students_df.groupby([ 'rpyna 6opris’'])["ID'].count())
print(students_df.groupby([ 'rpyna 6opriB'])["ID'].count()/len(students_df.index))
f,ax=plt.subplots(figsize=(15,10))

sns.countplot(students_df[ 'rpyna 6opris'])

def draw_diagramm(kval, form):
print("Aiarpama BiacoTkoBoro cniBBipHoweHHA cTyfaeHTiB 3 6opramu i 6e3 ans rpynu:
"+ str(kval)+ ', " + str(form) +'®opma HaB4aHHA')
stud_debts = students_df[(students_df[ ‘®opma HaB4aHHA ']==form) & (students_df
[ 'KBanidikauyina']==kval)].groupby([ ' 'rpyna 6opris’'])['ID'].count()
draw_pie_diagram_advanced(stud_debts, ['6opru’', '6arato 6opris', 'ycniwHo'])

# kval _List = ["Maeicmp"]

# form_Llist = ['OuyHa', "3aoyHo-Oucm."]
# for kval 1in kval_list:

# for form in form_List:

# draw_diagramm(kval, form)

# print("[diarpama BipcoTkoBoro cniBBifHoWeHHA cTyaeHTiB 3 6opramu Ta 6e3 rpynu:
MaricTp, 3ao4Ho-gucT. dopma HaBYaHHA")

# stud_debts = students_df[(students_df[ '®opma HaBuyaHHA']=='3ao4yHo-Oucm. ') &
(students_df[ 'KB8anigikayis']=="Mazicmp') ].groupby ([ 'epyna 6opeiB'])[ 'ID'].count()
# draw_pie_diagram_advanced(stud_debts, ['6opau', '6azamo 6opz2iB'])

stud_debts = students_df[students_df.Keanidikauia=="bakanaBp'].groupby ([ 'rpyna 6oprie’'])
["ID"].count()
draw_pie_diagram_advanced(stud_debts, ['6opru’', '6arato 6opris', 'ycniwHo'])

prl = students_df.groupby([ 'CneuianbHicTb'])['He3agoBinbHux'].median()
# print(prl)

# type(prl)

prl.nlargest(15)

# pri.nsmallest(10)

f,ax = plt.subplots(figsize=(15,10))
sns.countplot(students_df[ 'Kadegpa'],hue=students_df[ 'rpyna 6Goprie'])

students_df = students_df[students_df['Ycboro roauH ayaMTOpHMUX 3aHATb y cemecTpi'].
notnull()]

Y = students_df[ 'He3agoBinbHux"]

X = students_df[[ '®opma HaBYaHHA', 'KBanidikauia', 'Kypc', 'CneuyianbHicTb', 'Akagem.
Bignyctka (aiw4a) - Tak / Hi', 'Ycboro roguH nponyckiB y cemecTpi', 'Ycboro roavH
AYAUTOPHUX 3aHATb y cemecTpi']]

Y = students_df['rpyna 6opris’]

from sklearn.preprocessing import LabelEncoder

le f = LabelEncoder()

X[ '0opma HaB4yaHHA'] = le_f.fit_transform(X[ '®opma HaB4yaHHA'].values)
le k = LabelEncoder()

X[ 'KBanigikauin'] = le_k.fit_transform(X['KBanipikauis'].values)



le_s = LabelEncoder()

X[ 'CneuianbHicTtb'] = le_s.fit_transform(X[ 'CneuianbHicTb'].values)

le_a = LabelEncoder()

X[ "Akagem. Bignyctka (giwya) - Tak / Hi'] = le_a.fit_transform(X['Akagem. BignycTka
(piwya) - Tak / Hi'].values)

X.info()

sns.set(font_scale= 1)

hm = sns.heatmap(X.corr(), cbar=True, annot=True)
plt.show()

X.head()

from sklearn.model selection import train_test split
x_train, x_test, y_train, y_test = train_test_split(X, Y, test_size=0.3, random_state=0)

from sklearn.linear_model import LogisticRegression
lr = LogisticRegression(C=1000.0, random_state=0 )
lr.fit(x_train,y_train)

print("TpenyBanbHa: {0}".format(lr.score(x_train, y_train)))
print("TectoBa: {0}".format(lr.score(x_test, y_test)))

pred_y = lr.predict(x_test)

from sklearn import metrics

# Kpoc-Banidayisa modeni
print(metrics.classification_report(pred_y, y_test))

from sklearn import svm
clf = svm.SVC()
clf.fit(x_train,y_train)

print("TpeHyBanbHa: {0}".format(clf.score(x_train, y train)))
print("TectoBa: {0}".format(clf.score(x_test, y_test)))

pred_y = clf.predict(x_test)

from sklearn import metrics

# Model Accuracy, how often is the classifier correct?
print(metrics.classification_report(pred_y, y_test))

from sklearn.ensemble import RandomForestClassifier
clas = RandomForestClassifier(max_depth=15, random_state=0)
clas.fit(x_train,y _train)

print(clas.feature_importances_)

print(clas.score(x_train, y train))
print(clas.score(x_test, y_test))

pred_y = clas.predict(x_test)

from sklearn import metrics

# To4yH1icmb mModeni, AK 4Yacmo kKaacupikamop € npaBusavHum?
print(metrics.classification_report(pred_ y, y test))

from sklearn.model selection import train_test split
X = students_df[['Kypc']].values.astype(int)
y = students_df[ 'He3apoBinbHo'].values.astype(int)

import numpy as np

from sklearn.linear_model import LinearRegression
model = LinearRegression()

model.fit(X, y)
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y_pred = model.predict(X)

print('Slope: {:.2f}'.format(model.coef [0]))
print('Intercept: {:.2f}'
.format(model.intercept_))

plt.scatter(X, y)
plt.plot(X, model.predict(X), color="red', linewidth=2);

model = LinearRegression()

model.fit(x_train, y_train)

y_pred = model.predict(x_test)

print('Slope: {:.2f}'.format(model.coef _[0]))
print('Intercept: {:.2f}'.format(model.intercept_))

print(model.score(x_train, y_train))
print(model.score(x_test, y_test))

test_pred_y = model.predict(x_test)

train_pred_y = model.predict(x_train)

from sklearn import metrics

# ToyHicmb modeni, AK 4acmo kaacupikamop € npaBuabHum?
# print(metrics.classification_report(pred y, y test))

from sklearn.metrics import mean_absolute_error, mean_squared_error,
median_absolute_error, r2_score

print('MSE train: {:.3f}, test: {:.3f}'.format( mean_squared_error(y_train, train_pred_y),
mean_squared_error(y_test, test_pred_y)))

print('R*2 train: {:.3f}, test: {:.3f}'.format( r2_score(y_train, train_pred_y),
r2_score(y_test, test pred y)))

X.info()

xx = X[['Kypc', 'CneuianbHicTb', 'Ycboro roguMH nponyckiB y cemecTpi', 'Ycboro roauH
AYAUTOPHUX 3aHATiN y cemecTpi']]

from sklearn.model selection import train_test_split
x_train, x_test, y train, y_test = train_test_split(xx, Y, test size=0.3, random_state=0)

from sklearn.ensemble import RandomForestClassifier
clas = RandomForestClassifier(max_depth=15, random_state=0)
clas.fit(x_train,y _train)

print(clas.feature_importances_)

print(clas.score(x_train, y train))
print(clas.score(x_test, y test))

pred_y = clas.predict(x_test)

from sklearn import metrics

# To4yH1icmb mModeni, AK 4Yacmo kKaacupikamop € npaBunavHum?
print(metrics.classification_report(pred_y, y_test))

super_df = students_df

from sklearn.preprocessing import LabelEncoder

le f = LabelEncoder()

super_df[ '®opma HaB4auHa'] = le_f.fit_transform(super_df[ ' '®opma HaB4aHHA'].values)
le_k = LabelEncoder()

super_df[ 'KBani¢ikauia'] = le_k.fit_transform(super_df[ 'KBanidikauisa'].values)
le s = LabelEncoder()

super_df[ 'CneuianbHicTtb'] = le_s.fit_transform(super_df[ 'CneuianbHicTb'].values)
le_a = LabelEncoder()
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for i in range(1, 6):

print("Ana {0} kypca ".format(i))

u_df = super_df[students_df ['Kypc']==1i]

u_df['Akagem. BignycTtka (giwva) - Tak / Hi'] = le_a.fit_transform(u_df[ 'Akagem.
Bianyctka (aiwya) - Tak / Hi'].values)

x1 = u_df[[ '®opma HaB4aHHA', 'KBanipikauisa', 'Kypc', 'CneyianbHicTb', 'Akagem.
Bignyctka (aiw4a) - Tak / Hi', 'Ycboro roguH nponyckiB y cemecTpi', 'Ycboro roavH
AYAUTOPHUX 3aHATiN y cemecTpi']]

Y = u_df['rpyna 6oprie’]

x_train,x_test,y_train,y_test=train_test_split(x1l, Y, test_size=0.3, random_state=0)

clas = RandomForestClassifier(max_depth=15, random_state=0)

clas.fit(x_train,y train)

print(clas.score(x_train, y_train))

print(clas.score(x_test, y_test))

pred_y = clas.predict(x_test)

from sklearn import metrics

# ToyHicme modeni, AK 4yacmo Kaacugikamop € npaBunbHum?

print(metrics.classification_report(pred_y, y_test))

for i in le _k.transform(list(le_k.classes )):

print("Ana {@}".format(le_k.inverse_transform(i)))

u_df = super_df[students_df[ 'KBanidikauia']==1i]

u_df[ 'Akagem. Bignyctka (giwya) - Tak / Hi'] = le_a.fit_transform(u_df[ 'Akagem.
Bignyctka (aiw4a) - Tak / Hi'].values)

x1 = u_df[[ 'dopma HaB4aHHA', 'KBanipikauis', 'Kypc', 'CneuyianbHicTb', 'Akagem.
Bianyctka (aiwya) - Tak / Hi', 'Ycboro roauH nponyckiB y cemecTpi', 'Ycboro roguH
ayAMTOpHUX 3aHATiN y cemecTpi']]

Y = u_df['rpyna 6oprie’]

x_train,x_test,y_train,y test=train_test split(xl, Y, test size=0.3, random_state=0)

clas = RandomForestClassifier(max_depth=15,random_state=0)

clas.fit(x_train,y_train)

print(clas.score(x_train, y_train))

print(clas.score(x_test, y_test))

pred_y = clas.predict(x_test)

from sklearn import metrics

# To4yHicmb modeni, AK yacmo kaacupikamop € npaBunbHum?

print(metrics.classification_report(pred_y, y_test))

x_train, x_test, y_train, y_test = train_test_split(x1l, Y, test_size=0.3, random_state=0)
clas = RandomForestClassifier(max_depth=15, random_state=0)

clas.fit(x_train,y_train)

print(clas.score(x_train, y_train))

print(clas.score(x_test, y_test))

pred_y = clas.predict(x_test) from sklearn import metrics

# ToyHicmb modeni, AK 4acmo kaacupikamop € npaBuabHum?
print(metrics.classification_report(pred_y, y_test))

students_df.head(10)

subj_df = students_df[students_df[ 'Aucuunninm, 3a AKMMM OTpUMMAHL He3aAOBiSIbHi OUiHKKM']
.notnull()]
subj_df = subj_df[subj_df['CneyianbHicTb']=="121 IN3"]

subj_df.head()
subject_dict = {} for i in subj_df['Aucumnnainm, 3a AkuMM OTpuMaHli He3afoBinbHL oOuUiHKM']:
clear_data = i.replace(', ', ',").split(',")
for j in clear_data:
if j in subject_dict:
subject_dict[j] = (subject_dict[j]+1)
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else:
subject_dict[j] = 1
print(subject_dict)

from collections import OrderedDict
d_sorted_by_value = OrderedDict(sorted(subject_dict.items(), key=lambda x: x[1]))

from beautifultable import BeautifulTable
table = BeautifulTable()
table.column_headers = ['HasBa aucumnainu', 'KinbkicTb 60pXHUKIB' ]

count = O
for key in reversed(d_sorted_by value):
table.append_row([key, d_sorted_by value[key]])
count += 1
if count == 15:
break

print(table)

# ¢yHkylia Bi0HeceHHA cmydeHma y epyny B8 3anexHocmi 610 Kinbkocmi 60pXHUK1B
def label studentl(missings, lessons):
p = missings/lessons
return p

students_df[ 'nmponycku’] = students_df.apply(lambda row: label studentl(row['Ycboro roguH
nponyckiB y cemecTtpi'], row['Ycboro ayaiTopHux 3aHATUI B cemecTpe']), axis=1l)

j_df = students_df[students_df[ 'nponycku'] < 0.1]
j_df.head(15)

# plt.scatter(students_df[ 'nponycku'], students_df[ 'He3adoBinbHux"'])
plt.plot(students_df[ 'He3agoBinbHux'], students_df[ 'mponycku’'], color="red', linewidth=2);
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The object of research is the process of developing a predictive model for assessing the performance of umversity students
based on the results of cwrent studies. The pwpose of the study 15 to buld a predichive model of students' session results
depending on the estimated parameters of current performance. In the course of the study, the main problems in this area were
analyzed, and goals were set for their direct mplementation. We also conducted preliminary data processing to build a machine
learning model. After that, vanous machine leaming models were bumlt, and the qualitative indicators of each model were
evaluated After selecting the ophimal model, 2 graphical user interface for the predictrve model was created. As a result of the
study, a predictive model of university students academic performance was created, as well as a graphical mterface for its use.
The most sigmificant factors in predicting student performance have been identified.

FREDICTING STUDENT FERFORMANCE, MACHINE LEARWNING MODEL, DATA FREPARATION, DATA 5SET,
CLASSIFICATION.

Eoposaimaa B.C,, Keaecarror 1.0, Hazapor 0.C., Hazapoea H.B. [IporgccTaaaa MoIels (MIEKEARES VeOIIECCTL
cTyaerTiE. D0 cETOM JOCTLTHEEES € Opomes PoIpoDEH OTPOTECIEC] MOJeN] T4 OOIEXE FOOIMESCT] CTVISHTIE YHIESPCETETY 33
macyMEaME DoTow=ore =asvdass=s. NMera polorz — mobyazoma opormoz=ei mogem moiocymxls cecli CTYIeHTIE IaiAe®HO BT
OUIEOTHEY DapaMeTpis ToToTE0] FemmEocTl. ¥ Opooecl JoCTITSeEES 0VI0 IPOEETISHC AHAT: OCEOBEEY OpoDIes ¥ OiE ramyal,
OOCTARIEHED OUTI DS X Oesmocepelsnore EMKOEAEHS. [ako® OYI0 OpoEeIssc DONepel=: cOpoDEy DaEex ans modyIosE
MOJeNl MAMEEHEOND Eas9azes. [licns meoro Oymo DofvIoBaHo PI3EL MOJRNl MANEEHODD HABYANES, 3 TAKOE OMIEEHOC SEICHL
OokaIEEEE EoEHEel Mogedl. [licns Ebopy oOTEMaTEHOI MoZem Oyao cTeopeEo rpadi==md IETepdeiic KOPECTVEATa OPOTHOIHOL
MoJeml. ¥ pPeIvIRTATl JOCTLTHEEHT OVI0 CTEOPEH0 OPOTHOIEY MOIeNs VCOIMEOCTI CTYISHTIE EEINY., A TAR0E TIpadITsmE
iETepdetic 118 i EExopEcTaEES. BrsEageno Eaf01nem sHATy Il $AETOPHE OLI Tac OpoTEOIYEANES VOIIMIEOCTL ¥ CTYISETIE.

MPOTHOIYBAHHA YCTIMHOCTI CTYIEHTIE, MOIENE MAMAHHOIC HABYAHHA, I[MATOTOBEA JAHHY, HAEIP
JAHIY, KMACHSIKAITA.

1. Imtroduction detailed and personahzed work with them to help them

The level of student success i higher education 15 2 form
of diagnosis and prediction of the level of commitment of a
future specialist. In fwrn, student success 15 an mdicator of the
performance of the higher education nstitubion in solving
educational tasks. In order to solve these tasks as efficiently as
possible, constant objective evalnation, adjustment and
management are required However, management 1s
impossible without forecasting. Therefore, it is necessary to
predict the performance of students at all stages of education.

Having mformation about those students who are most
likely to kave academic debt by the end of the semester if they
do pot changze the cuwrent trend. we can mfluence students and
thereby improve their acadenue performance.

The pwrpose of this thesis 15 to create a predictive model of
the academic performance of NURE students. The availabality
of such a2 model will allow us to pay more attention to students
who are at n=k of having a large mumber of debts in acadenue
disciplmes and, as a result, will be candidates for expulsion.
Early identification of such students wall allow for more

manage their academic workload.

Based on the cbjective, this work meludes the following
tasks: review the literature on the subject, study the methods and
algonthms used, clean and prepare the mitial data, develop a
predictive model, test the results, create a graphical user
mterfzce for the module for predicting student performance.

I. Subject area amalvsis

Education plavs one of the most mportant roles mn any
country. The qualhty of education m a given society largely
determines the pace of i1ts economic and political development
and 1ts moral state.

The rapid development of information technologies makes
it possible to automate many areas of human activity and
merease their efficiency, and education 1s no excephion. This
paper will focus on creating a predictive model of student
performance based on cwrent grades usmg data mming
technologies.

The measure of the guality of education recerved by a
particular student 15 has or her grades in the subjects passed.
When we talk about an educational mstitution, one of the

Pucynok B.1 — Ilepmia cropinka cTaTTi y *xKypHaii «bloHika IHTEIeKTy»

51




measures of the guality of education it provides 15 the
agzregate of its students’ grades. Timely measures to help
students who cannot cope with the academic load are one of
the main parts of educational work m higher educaton
nstitutions that affect the quality of educattion in the
nstitution.

Fecently, many different changes have been made to
mprove the quality of education m higher education
institutions. For example, the trapsition from a tradrfional
gradmmg system to a point system ehounates the possibality that
a student who has not attended classes throughout the semester
will smmply come and take an exam. To be allowed to take the
exam, they must earn a certain oumber of pomts, which m tom
requires them to attend classes and complete cuwmrent
assignments.

This approach has an effective mmpact on the
understanding of the study matenal. According to many
studies, imformation that has been studied over a long penod
of time 15 retained for a long time, while "crammung” the night
before an exam can only lead te a good result on the exam,
which will eventually be passed, but the student will have no
residual knowledze of the subject In addinon, there 1= 2
milestone confrol, a date set in the muddle of the semester
when a certain part of the material must be passed.

However, knowing the peculianties of student hife, many
students stll leave everything unfil the last minute Some
students manage to pass the course, while others are left with a
debt for another semester. The problem 15 that the single
dean's office of Tomsk Polytechmic Umiversity starts its
control activities only after the student has already incwrred
debts.

Therefore, these measures cannot be called preventive. The
main task of the predictive model is to 1dentfy such students
and conduct certain talks with them before the problem of
academic debt amses. At present, this measwre 15 partly
implemented by the fact that each group of freshmen has a
tutor, and this tutor accompanies each group unfil the second
vear, and the schedule includes such an event as the "tutor’s
hour", where he analyzes the students’ progress.

This 15 an excellent practice and should not be abandoned,
but the buman factor comes into play. It 15 not always possible
for a tutor to convey to students the importance of attending
classes. The mtroduction of a new system for predicting end-
of-semester debt based on cwrent academic performance 15 an
important step in automating the educational process.

In thus way, a single dean's office wall be able to take
control measures agamst at-nsk students much earlier than a
real problem arises. In this way, it will be possible to help
students successfully complete the semester and develop
professional skills, and to expel those who are not interested
studying earlier, freeing up places for those who really want
and are ready to receive knowledge.

The main focus 15 on the forecasting system, because it 15
not only about monitonng the attendance of students. The data

analvsis shows that the final result of the semester 1s
mfluenced not onlvy by one factor of attendance. but by a
whole range of different data. For example, there iz a whole
category of students who are already working mn thew fisld,
mostly masters students and final year students. These
students do not always have the opportumity to attend classes,
and vet they show excellent results at the end of the session
because they understand many aspects of the profession at a
higher level than their classmates.

In fact, 2 huge number of factors affect a student's
performance, and some of the most important are motivation
to study, morale, relationships with classmates, and so on, but
thanks to the fact that the system will identify problem
students and will be able to work with each of them m detail
it will be possible to wdentfy what problems exist with this
particular student who risks ending the semester with a large
amount of debt. It 15 possible to 1dentify such parameters as
motvation, determmafion, and psychological data, but this
requires a large mumber of tests to be conducted on a regular
basiz. These methods are not wvery effective due to the
complexity of their implementation, as well as the venfication
and interpretation of the results.

Onee 1t 15 clear that this problem is indeed relevant, 1t 15
worth considering the existing methods for solving it.

At present, there are no publicly available matenals
devoted to the mmplementaton and use of a system for
predicting  student performance m  ligher educaton
mstitutions. Although this idea is not innovative, smee zbout
2010 there have been articles about predicing the
performance of applicants, predicting the performance of
students in a particular course, where the followmg parameters
are usually taken as mitial data: the level of cuwrrent knowledge
of the subject, the number of absences, intermediate control,
grades m the courses that provide the diseiphine.

HNext, we will consider machine learming algorithms used
to solve sinular problems m the area of student performance
predicton. The most commonly used methods and algonthms
will be presented, as well as a desenphon of existing works
with specific tasks for which these methods are used.

Some sources use the clustening method, in our opmion
this 15 not quite correct, since we already have the nght
classes, namely the number of debts, so m this case we should
use classification methods. Clustening refers to unsupervized
machine learning methods, and classification and regression
refer to supervised learming, since they tzke markers for sach
class as imput. Cluster analysiz methods for estimating the
final grade m a subject have been applied m [1].

3. EK-Nearest Neizhbor: Alzorithm

The E-nearest neighbor algonithm (ENN) 15 2 type of
supervised machine learming algonithm that can be used for
both classification and regression prediction tasks. It 15 one of
the easiest algonthms to understand, but it has been proven
effective m a vanety of tasks and 15 not only used for
educational puwrposes. The Nearest Neighbors algonithm is also
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called a "lazy" classifier because it does not build a model
dwme trammeg, but smmply stores data. All computations are
started only when it is necessary to classify new data.

The ezsence of this alzorithm 1= that the prediction of new
data values 15 based on thew proximaty to already labeled data
in the trammg set. In other words, if 2 new data point has 4
points of class A and 1 point of class B among ifs nearest
neighbors, then thiz new point will be defined as class A
Thus, the k-nearest neighbors algorithm has 2 most important
parameters, namely the distance metrnie (Euchdean,
Manhattan, or Hamming) and the number of neighbors we will
consider. A visual representation of the algonthm is shown n
Fizure 1.

. (Class B

X 1 ::_ I‘. *. .": :! .
¥ k __;f_,.-“l .:I.'.

-

e
Nl

X

Fiz. 1. KNN Algorithm Operation

This figure shows an amray of sowrce points color-coded
according to thewr class membership. The astensk marks the
point to be classified. All points are plotted in two dimensions,
along the X1 and X2 ames. If the set number of nearest
neighbors 1= 3, then the unlabeled object belongs to class B, if
it 15 &, then it belongs to class A.

This algonthm has many nuances, for example, we can add
weights to the voting data depending on the proxinuty to our
unlabelad object. It 15 these nuances that make the KNI
algonthm relevant for solving a wide range of tasks.

The benefits of this alzonthm are:
- Easy to understand and interpret.
- Works well with non-lmear data.

- It 15 a unrversal algonthm, suitable for both classification
and regression tasks.

- It has relatrvely hagh accuracy.
Dizadvantages of this algonthm:

- Large memory consumption to store all the data, unhke
algonthms that use model building.

- Sensitivity to data size.

- Slow prediction for large amounts of data.
- High sensitivity to data noise.

In [2]. this algorithm 15 used to classafy the grade of an
mdividual student in each subject based on his or her previous
grades and the zrades of students of previous courses with the
most similar parameters in these subjects. This article presents
a fairly lugh accuracy of the algonthm for this task, with a
maximum grade prediction emvor of 0.55 pomts. However,
only 307 students of cne subject were considered, and there
was no question of mplementing this methodology m the
unmiversity system.

This algorithm 15 also used i [3], where a student’s grade
for an exam m a given subject 15 predicted based on his or her
grades in previous subjects, attendance, and midterm grades.

4. Support Vector Method

Support Vector Machines (SVM) are a famuly of simmlar
learming algonthms for solving classification and regression
problems. It 15 one of the most common learming methods
belonging to the family of linear classifiers. Ome of the
charactenstics of the support vector method 1s that 1t
consistently reduces the emmineal classification emor and
mereases the vanance. Therefore, thiz method 15 also called
the maximum distance classification method.

The basic idea of the support vector method can be
Ulustrated by an example: there are points on a plane that are
labeled mto 2 classes that are hnearly separated. In this case,
the resuling funchon will be the plane that separates these
classes. However, it 1s possible to draw many hyperplanes that
separzte these classes. To find the optimal hyperplane, you
need to fnd the maxmmum sum of the pormal vectors from
class A and eclass B. A visual representation of this method can
be seen in Figure 2. In this figure, the reference vectors are
parpendicular to the normals.

The formal description of this method 15 as follows -
suppose we have an instructive example:

{050, €1, (X2, €2, ..., (X5, €},
where
Xi—15 a p-dimensional real vector;
Cj— the value 1 or -1 that the class takes.

Fig. 1. Support Vector Method
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The support vector method builds a classification function
in the form of:
Fixi=sign{[wx] =k}, (0
where
[ .]—scalar multiphcation;
w —15 a normal vector to the separating byperplane;
b — auxibiary parameter.
S0 we can write 1t all down in the form of an optmization
problem that has one sohution, and only one:
{ [w]* —+ min

(WX — b) > 1, @

1<t<mn.

This problem is solved by gquadratic programmmg and
using Lagrange mmltiplhiers.

The case when there are 2 separate classes has been
considered. In practice, the classes are almost always not
linearly separable, and the task 15 to classify more than 2
claszes. To solve the problem with lnearly imseparable
classes, we allow the classifier to make an emor on the traiming
set. Let's wiite the equation for this assumphion.

sliwll? + C 3L, & — ming g,
glw-x—h=21-&, 1<i<n 3
£20 1<i<n

where

C - method seting parameter,

£, — is the value of the allowable arror.

To solve mmlti-class problems, the generalized support
vector method 15 used, since the fransition to classification into
many classes 15 made by sphithng info 2 classes, such as the
comesponding class and the non-comesponding class. This
strategy 15 also called "One wvs. All" and 15 used to apply
binary classifiers to multi-class tasks.

Advantages of the algorithm:

- The problem 15 well studied and has a single solution.

- The principle of the optmal separating hyperplane leads
to a reliable classification.

- Equivalent to a two-layer neural network, where the
mumber of neurons m the lidden laver 15 automatically
determined as the number of support vectors.

Dizadvantages:

- Instability to noise, outliers m the imhal datz directly
affect the construction of the separating kyperplane.

- No feature selection.

- It 15 necessary to select methods for constucting kermels
and rectifying spaces separately for each task.

Ths algonthm is used in [3], where a student's grade for
an exam In a grven subject 15 predicted based on his grades in
previous subjects, attendance, and midterm grades.

5. Neural Network:

In addifion to the above methods, neurzl networks are also
used to predict student performance. There are a mumber of
references to the possibility of using neural networks to solve
this problem, but there 15 no information about the actual
mplementation of such predicive models.

Mewral networks are mathematical medels based on the
organizationz]l and functional principles of biological neurzl
networks. Meuwral networks are ftrained rather than
programmed in the convenfional sense. Dunng tramning, neural
networks are able to recognize and generalize complex
relafionships between input and cutput data. Once trained, the
network 15 azble to predict future values for a gmven sequence
based on a senes of past values.

An illustration of how a newral network works 15 shown iIn
Fizure 3. A newal network consists of neuwrons, layers, and
synapses. Meurons are shown as nodes of different colors. All
nodes of the same color belong to the same layer of the neural
network. Synapses are lines that connect neurons in one layer
to neurons in anocther laver. Symapses have only one
parameter, the weizht.

Fig. 3. Nenral Network

Each peuron performs a specific mathematical function, so
it receives a set of values as input and a single value as output.
Thus, the cutput 1= a specific value produced by a previously
tramed newral neterork.

Advantages:
- Resistance to input noise.

- Self-learning and creativity. Ability to solve tasks that
cannot be solved by other alzorithms.

- Adaptation to changes, retraming.
Disadvantages:

- For large networks, 1t 15 impossible to estmate the
network training time even approximately m advance.

- Difficulty m interpreting the result.

- Approxmmation of the obtained answer.
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Let's take a closer look at the use of a neural network to
solve the problem of predichng student performance. In [4]. a
neuwral network model 15 tramed to predict whether a student
will be promising. The task of binary classification of
applicants is solved using input data such as school number,
grades in physics and math, and parents’ occupations. In [5], a
neural network 1s used to predict grades I a computer science
course. Article [6] discusses the task of classifving students
baszed on NMT result=.

Thus, we have reviewed the algorithms most commonly
used to solve the problem of prediching student performance
based on different imfial data and solving different problems,
whether it 15 performance in a parficular subject or a general
picture of performance m all disciphines. The considered
examples of prediction are not systematic. but are only
attempts to come closer to solving this problem. Obviously, to
solve this problem suwccessfully, it is necessary to apply
several methods and compare their results.

6. Data preprocessing

The quality of machine learning models 15 highly
dependent on the gquality of the underlymg data. However,
real-world data is often poory structured, with missing values,
notse, and incorvect values. If the data is not well prepared, no
amount of funing of machine leaming algorthms can ensure
high predictive accuracy of these models. Data preparation
before analysis takes up about 80 percent of a machine
leamning specialist's time, but this work 1s necessary.

In this paper, the methodology desenbed m [7] 15 used to
prepare the data.

To famihanze owrselves with the data and prepare it for
further analy=is, we will use the Python programming
language and 1ts libranes. The choice of the Python
programming language is due to its high performance in data
processing, simplicity, and a large number of libranes for
machine learming Python 1z one of the best languages for
working with data. The following Python libranes are used mn
this paper.

- MumPv. This Dbhbrary adds support for larze
multidimensional amays and matrices, as well as high-level
commands for mathematical functions with wvery hgh
performance on these arrays [7].

- Pandas. A data processmg and analy=is software library.

- Seaborn. A data visualization library based on another
Python hbrary, Matplotlib.

- Scikit - leam. An open source library for machine
learming.

- Py(}t5 15 2 set of extensions to the it zraphical
framework for the Python programming langunage, made in the
form of a Python extension. This hibrary implements almost all
the czpabilifies of Qt and allows wou to create a graphical
interface for programs written in Python.

First of all, m order to work with data usmg Python, you
need to comvert if mto a format that this langnage and 1ts
hibraries can work with. In this case, this format 1= DataFrame
from the Pandas hibrary.

After the conversion, vou can familiarize vourself with the
mam characteristics of the onizinal dataset.

You can see that some attibutes in the tuple have null
values, for greater clanity vou should see which attributes they
are mn.

You can see that the atthmbute "Dhsciplines m which
unsatisfactory grades were received" itself suggests the
presence of "missings”, while "Profile” and "Country” are
most hkely missing values as a result of filling the database.

Mext, we will analyze the data in the simplest ferms mn
order to understand the imtial vector of data preparation.

First of all, let's lock at the number of debtors (and
therefore the quality, which we will evaluate by the number of
debis).

In order to tzke into account this atmbute (the number of
unsatisfactory grades), it 1= necessary to further divide this
range of atmbute wvalues info groups, since the difference
between a student with no debts and one debt is greater than
between students with 18 and 17 debts, where o 1= not
essential

It was decided to divide students into 3 zroups according
to the mumber of debits:

- Group | "successful” - 0 debts

- Group 2 "debts” - from 1 to 6 debis

- Group 3 "many debts” - from 7 and more (maamum 18
debts)

In order to facilitate the analysis of this criterion, an
additional column was created m the dataset indicating the
group to which the student belongs.

7. Machine learning model

Thus, after analyzing all the parameters, the following
were 1denfified as having a greater impact on student
performance, namely

1. Tvpe of study

2. Quahfication

3. Course of studies

4. Specialty

5. Academic leave (valid) - and no / /.

6. Total hours of absence in the semester
7. Total hours of classes m the semester

These parameters will be used m machine leaming with
the teacher to classify the student according to the pumber of
debis.

Lets lock at the comrelahions between the selected
parameters.
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Fig. 4. Feature Correlation

To start training the model, we need to convert all the
parameters into numerical representations. To do this, we will
use the LabelEncoder function, which 15 already available in
Python from the skleam preprocessing hibrary.

After the conversion, we get the followingz: X 15 the data
frame of all parameters, already converted to a numenc value,
Y 15 the labels.

To start building the model, we divide our data into
traming and test samples.

from sklearn sedel selection lmpart traln test split
x_tradn, w test, y teale, y test « teadn test (plit(X, ¥, test s3ieed ), rindom ctated)

The first classifier used 15 logistic regression.

from sklearn.lingar_sodel leport LoglsticRagression
Ir « LogisticRegresaion(C-1000.0, randon stotesd )
Je finix sraln, y_traln)

Logistichegression{Ce1809.9, class weightefions, ducleFalse, fit_intercepteTrie,
Intercopt_scalings1, 11_matieshcns, max_itar=198,
rulti_classe"warm’, n_jobseMone, pevalty.’12",
ranton statee8, solver='vam’, toled.@c@l, werbose-e,
warn_start-False)

peint{lr.score(x_tealn, y_trale})
print{lr.score(x_test, y_test})

2.666891550606113)
2.03300361 50209572

pred y = Ir.pradict(x_test)

frem skloarn lapeet metrics

¢ Model Accarory, Aow often is the classifier correct?
prant (setrics.classification meport(pred y, y test))

precision maall fl-scene  Sappoet

topm X 6.60 0.7¢ R
Garan Gopea 9.4 o.7e 0.9 (e}
Ll L .48 8.0 8.51 Er )
accuracy .03 2541
"R g 8.57 6.7 8.59 2841

welghted ang 8,71 0.63 a.65 pLE |

This method showed that there 15 some dependency and
that the parameters were chosen correctly. Next. we will try
other types of claszification and compare the results.

Let's use the support vector method.

from sklearn import swm
clf = svm,SWC()
clf fit(x_train,y_train)

SVC(CeT @, cacte_sireeden, Class_wighteine, (oefoed.n,
dec E4t0n_function_shazee ove ', 3, gammas aato_deprecated’,
kerrel'rbf’, mon_ftare.1, probanility-fales, randon_ctate-tons,
shrirkirg-True, tol-0.001, verbose-False)

print(clf. scorelx_train, y trakn))
print(clf score(x _test, y test))

@ B7SGR0 WMISTTOO
@ 719795350158557%

pred_y - cif.predict(x_tast)
frem skleern fmport setrics
# Model Accuracy, bow often (s the clossifier correct
print(setrics classificetion rerort(pred y, y_test))

precision recall fi-score  seppoct

Boprw .8 .68 2.7 1564
Gasrofoprs 9,54 0.55 2.55 1
) 0.6 .74 a5 356
accuracy arn 158
aCro avg 0.6 a7 a.m 58
waighted avg .76 an .73 2541

Here we can see that the support vector method 15 prone to
overfitting, as there 15 a large 10 percent difference between
the traiming and test sets in label detection. However, the result
on the test set 15 almost 10 percent higher than the claszsifier
based on logistic regression.

Usming the 3rd Classifier "Random Forest”

from skloarn.enserble impoet RandemForestClassifior
clas - RandosForestClassifier(max_depth.i5, random_state.e)
claz. fit(x_train,y_train)

TandonFsrestilassifier{bootstrapsTrae, class_weightedone, criterions"gint‘,
nax_depthelSs, mex_feoturess'auto’, max_leaf_nodessMone,
ain_iepurity Gecrease-0.8, aln_fspurity _spliteMons,
nin_sanples_leafel, min_sasples_splite2,
win_weight_froction_lesf«d. 0, n_estisators«18,
n_Jobsenone, 0ab_scareeFalse, ranton_state=d, varboseed,
warn_starteFalse)

printiclas.foature_leportinces

[6.€1858244 ©.03035815 €.12206030 0.1270618 6.87N45300 &.31380952
8. 177e641)

print{clas.score(x_traln, y_train))
print{clas,scone(x_test, y_test))

#.AT7551 60098681637
2. 7608855171100448

pred_y « clas.predict(e_test)

from sklesrn import metrics

¢ Mogel Accerocy, how often {s the clessifier correct!
print{metrics.classification_reportipred y, y_test))

pracision recall Fl-score  seppoet

e LR H o.78 0.8 1331

farro Gogre L) 0.5 LN s
Ll T 870 e.mn 651
accaracy 8.73 2541
e VR .78 0= .7 2541
velghted avg 0.7 0.79 0.7% 2541
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Fandom Forest showed the best result, although the spread
between the trainingz and test samples 15 quite larze (10 The
accuracy of the test sample prediction 15 79 percent. This 15
quite a high accuracy rate. Also, random forests with different
maximum depths were tested, and expenence showed that a
depth greater than 15 does not sigmficantly affect the test set
prediction, which affects the accuracy.

Thus, we can conclude that the task of determiming student
performance based on such parameters as

- Tvpe of study

- Chualhification

- Course of study

- spectalization

- Academuc leave (vald) - and not /

- Total hours of absences in the semester
- Total howurs of classes in the semester

The analvsis also showed that the most sigmficant
contnbution to the model 15 made by 3 parameters, namely

- Total absenteetsm hours in the semester

- Total classroom hours in the semester

- Course.

In the future, additional parameters, such as the student's

hobbies, participation in the social hfe of the unmversity, ete.,
can also improve the accuracy of the model.

Concluzions
As a result of the research practice, the following tasks
were accomplished:
1. Analysis of methods uwsed to solve similar problems in
the field of education.

2. Prelmmary data processing was camried out.

3. Buili 3 machme learming model capable of predicting
student performance at the end of the semester.

4. Identified the most significant features in determiming
student performance.

5. Developed a graphical user mterface for the student
performance prediction model.

Since the preprocessing of the data used labels to indicate
"student performance.”" the type of machine learmmg was
supervised. Three supervised machme learming models were
tested: logistic regression, support vector machine, and
random forest. The random forest classifier performed best on
the test sample. This algorithm 15 optimal because it has the
following advantages.

In addition, a graphical interface was created for the
module to predict student performance at the end of the
semester based on current grades.
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Pucynok I'.1 — Cnmaiin 1 «Turynsaun»

AHAJII3 IPEIMETHOI OBJIACTI

1) Aaroputm K-HalHGmHKIHX cycinis 2) MeToz OIOPHHX BeKTOPiB 3) Heiliponni Mepexki
Hidden
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TlepeBars aIropHTIMY : TlepeBaru MeToxy: Tlepesarn:
- ITpocToTa po3yMiHHS 1 HTepHpeTanii. - nobpe 1Mae eTHHe pi - CTIHKICTB 70 INyMiB BXITHHX JaHHX.
- Jlobpe mparroe Ha HeTIHIHHAX TaHHX. - TIpHHIAT ONTHMATEHOT PO3AUISIONO] TITePILTOMHHEH. - CaMOHABYAHES 1 "KPeaTHBHICTH'.
- VHiBepcaTbHHil aITOPHTM 11 KIacHikanii Ta perpecii. - EXBIBaJIeHTHHIT IBOIIAPOBIil HeHPOHHIH Mepeski. - AnanTamnis 0 3MiH, IepeHaBIaHHS.
- Mae BIIHOCHO BHCOKY TOUHICTb. Henomika MeTOay : Henomiku:
He:.(onixn ANTOPHTMY - - HecriiikicTs A0 mymy 693110(‘9?8!.“150 BILTHBA€ Ha = H.‘lﬂ BEIHKHX Mepex HEeMOXIHBO OIIHHTH 4Yac
- BelTHKa BHTpaTa IIaM'AT1 Ha 30epiraHHs yCix. TIOOYAOBY PO3ALIAIOYO] TIEPILIONTHHH. HaBYaHHA Mepexi.
- UyTIHBICTh 0 MAacIITa0y JaHHX. - Hemae B1IOOpY O3HAK. - CKIamHICTh 1HTepIpeTanii pe3yIsTary.
- IToBLTbHe IPOTHO3YBAHHSA Y Pa3l BETHKOI KUTBKOCTI TaHHX. - HeoOXITHO MiTOHpaTH MeTOTH NOOYHOBH sAxep 1 - TIpHOIH3HICT OTPHMAHOT BiATIOBIML.
- BHCOKa Iy TIHBICTB 10 "ITyMy" B JaHHX. BHIPAMIAIOYHX TPOCTOPIB.
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INOCTAHOBKA 3ATAYI1

006'ekmom 00cni0MHceHHs € TIPOIeC PO3POOKH TPOTHO3ZHOI MOJIENI JUIS OIMHKH YCHIMHOCTI
CTYJICHTIB YHIBEPCHTETY 32 IMiICYMKAMH IIOTOYHOTO HABTAHHS.

Mema pobomu — 1oOynoBa MPOTHO3HOI MOIENT IICYMKIB Cecii CTYICHTIB 3aJe)KHO Bij
OITIHOYHHX TAapaMeTPiB MOTOYHOT YCIITTHOCTI.

VYV mporeci JoCTKEeHHS HEOOXiHO TPOBECTH aHalli3 OCHOBHUX MpoOIeM y Mid ramysi,
MOCTaBHTH I Ui 1X Oe3lMocepelHOr0 BUKOHAHHA. Takok Oyle MpOBEICHO MOMEPETHIO
00poOKy JTaHHX JUIS OOYAOBH MOJEINi MAIIHHHOTO HaBYaHHA. [Tici mporo Oyie moOyaoBaHi pi3Hi
MOJIeJIi MallTMHHOTO HaBUAHHS, a TAKOX OIIHCHI AKICHI ITOKa3HUKH KOXKHOI Moneni. [Ticis Bubopy
ONTUMATLHOI MoJieN 6yfe cTBOpeHo rpadiuHmii iHTepdeiic KopucTyBaua MpOTHO3HOT MOIEITI.

VY pe3ynbTari JOCTPKEHHS OyJle CTBOPEHO MPOTHO3HY MOJIENb YCIIIMIHOCTI CTY/IEHTIB
VHIBEPCHUTETY, & TAaKOK TpadiuaHuii iHTepdeiic A1 i BEKopHcTaHHA. KpiM Toro, Oy/yTh BU3HAYEH1

HaHOLTBI 3HAUYIi (GAKTOPH IIif] Yac IMPOrHO3yBaHHS YCIINIHOCTI Y CTYCHTIB.

Pucynok I.3 — Cnaiin 3 «ITocTanoBka 3a1aqi»

IHHOIIEPE/IHA OBPOBKA JTAHUX

OcHOBHI XapaKTepHCTHKH N0YATKOBOIO JaTaceTa HasiBHiCTh HYJILOBHX 3HaY€Hb Y HapaMeTpiB
<class ‘pandas.core.frame DataFrame’> DOPME HEBLSHHA Fslse
Rangelindex: 8551 entries, 0 to 8550 Kesnicixayin False
Data columns (total 24 columns} Kype False
BOpME HEBUBHKA 8551 non-null object [ — False
Keanicbixauin 8851 non-null object Npocbiime Tre
Kype 88551 non-null intS4 Bimver sl Falee
Creyianesicrs 8221 non-null object unyck. slanin
Npedine 8876 non-null object Eunyck. wrens True
Bunyex. sianin 8551 nan-null bject feyna False
Bunyck. wkona 7988 non-null object Hasu. nigposain. False
Tpyna 8551 non-null object D False
Hasu. niapoain. 8551 non-null object Dopma dikancysaHHA False
D 8551 non-null int64 Kpaina True
®opus dinascysansa 8551 non-null object TpouaasHcTse False
Kpaina 8533 non-null object Crame Falze
IpouspancTae 8851 non-null object L T—— False
Crate 8551 non-null ebject AxanemsianycTra (unHna) Tax / Hi False
[laTs uspoaxemka 8851 non-null object Yesoro Ealse
Axaaewsianycrica fwmma) Tax / mi 8851 non-null object Noswrsn False
Yesars 2551 non-null intB4 Hessgosins i False
[ — 8851 non-null int84
Hessacsinesin 8551 non-null inte4 2 AR ouinin True
/LTI S AGEX OTPUMEHD HESANOBINLHI OLYHIN 6370 non-null object Mponyckis 3 JUCLMNNIH & AKKX OTPUMAHO HESBAOBIMLHI OUiHKM False
MIPOnYCKiS 3 AWCUHNTIN 38 AKMMI CTPHIASHO HESBAORINENI OLikK 8851 non-null int64 Yeworo reamk @ < A oTp ouinkn Tiue
YCLOro roaMH @ AMCLIMNNIK & AKX OTPHIMEHO HESBA08INEHI OUIHKI 8539 non-null floatB4 Yeworo roauH NpomycKis y ceuecTpi False
dtypes: floatB4(2), intB4(7), objeck15) YCLOrD rOAMH BYATOPHIX $8HATS y CEMECTPI True

Pucynok I'4 — Cnaiin 4 «ITonepeanst oOpoOKa JaHUX»

MOIIEPEJAHA OBPOBKA JAHUX

KinbKicTh He3a10BUILHEX ONIHOK Posnoxin crynenTiB no "'rpynax Gopris''
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Pucynok I.5 — Cnaiin 5 «Ilonepeanst oopooka qaHux-2»
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PO3NIOALJI CTYAEHTIB ITO "I'PYIIAX BOPT'IB"

e i e e i O et

Pucynok I.6 — Cnaiin 6 «Po3nofin cTyneHTIB M0 «rpynax 0opriB»»
PO3NOALI CTYAEHTIB IO "I'PYITIAX BOPI'IB"

Po3monia cTyleHTiB 3a CTaTeBOI0 03HAKOKO
om0

Nave: D, dygm 4

-—Goa

-——cma
CepenHst KiIbKICTh He3aJ0BLILHHX OLIHOK Ha (paKyIbTeTaxX MeniaHa He3aJ0BIILHAX ONIHOK Ha (aKy/IbTETaX
Burnor. chascynarer By chasnarer

SENETET SATOMATHH | KOMIT 0T SIS R TERNCriH AWWNE Daynmrer ITOMITA | KO IOTEENDIOBI R TER KN TH 3
Daptynmrer oDV SR ERUOT ESCUINCNTA T3 TR ENT 3T Y inchapmanit ANGTTET | Daynmrer inchOpME RO RO EINANH T TR 3cTy indiopMaui 2
SumETET DML O 2R T TERNONT T3 MEMRI M Ty AS12141 | Samynerer ichopm o SRR TERONONN T2 MERLRMETY 2
DT ET KOMITIOT SRR 47234 Saynmrer oM OTER RN 3
Seyninrer KOMTIOTEEMON PORSEEET T3 YEmanies! A264563  Gusynmrer xourIOTemM R T yERmnisen s
Sanurer oo pikauii ANV Saynmrer ichaxoupixain 2
Nane: Hesaposiness, diype: Soxgd Narne: Hesanosinesso, dype: imB4

Pucynok I.7 — Cnaiin 7 «Po3monist CTyIeHTIB MO «Tpymax 0opriB»-2»
PO3OALI CTYIAEHTIB 110 "T'PYITAX BOPTIB"

Ton no cepexniii kiTbkocTi He3agoBiTBLHEX

. N N Ton cneniaabHoCTEH M0 MeJiaHi He3aIOBLILHHEX OMIHOK
ONiHOK HA CTYJIeHTa 10 Pi3HHX cIleNiaJbHOCTIX

Comianmicra Coremjanesicrs
R L pee— 7508008 121~ bowestenin IROTEMAMOND 3G s ag
122~ Kanarivameged ey 7.111888 122 Kamnicreged s a0
123 - Kewariiaregees inwesepinn 6222922 123 - Konariioregse s s &5
125 - Kifiefennea ra st inchapmanii’ 5528412 125 - Kifiepfennecs 1 3wt inchopuani’ a0
174 ) TemanarT T 5320077 174 e 13 po 55
126 - brpapmamine CACTeMM 13 Tamanarit 5000000 126 - ichopuamies CATT e T3 Temanarn 50
124 - Corcremarest s 2812500 124 - Cucresomi vanis 50
113 = Mpwecnaaiiecs Maresarecs a7aE231 113 - Mpwcian e mar ovarma. a0
172~ Enecrpaeed soupisauii 1a pagjaresisa 4755382 172 - Enexctpoowed xoupixawil 1a paarenina a0
175~ bihopmanie - Siposaness TERNOrT 2843770 175 — brhapmauiieK SrIOBaEs TERENCHT a0
176~ Mingo 12 e ocvcr o Tawina 4568235 - ——— a
LI S ——— 258333 188 — Bangzamwen; 80 Ta maniepexpin an
171~ Enexrpoia 4541667 171 Enexrprina 15
173 Adicrina 4377778 e — s
176~ Mixpo- T3 semOcHcT ounes Temin 4333333 178~ Mimper T2 remOCHCTEMNE TEwiED as
l[ﬂli[l NIpo KUIBKICTH He3aA0BLIbHHX OIIHOK KinbkicTs 6opxmmcm o mpeamMerax 3a (])ang
32 KOKHOIO THCIIHILTIHOIO IO YCbOMY YHIBEPCHTETY 121 - Imlcenepm HnporpaMHoOro 3abe3medeHAS
Hensa nrcumnnise - Hanas ancamwinm Manmsicre
Sagweua Gexmesmin

Vapa s dpaems uoane e (2ama) 1880 st e o e {33 ) 125

braseares Mama (anic) as3 Knari ot e o i3 it e 31 s (et &

Sinacodin () 718 A T A T2 CT N Ty e it ) )

O o s (3anin) a5 A ) 57

i ocam e (3anin) Orezemuins ot e (icwr) 57

Bomuys aaarr e srreacs (i ) 543 AGIN T T R MDONEIMONO 336 ennessme s (i ) 57

S (i} a1 [ p— ) 58

Excrontin 12 Gianmc (i) se0 = fiwr) =

KcmArT T S ATt AT e T (i ) w21 ) )

O o rr ey e (1w | 515 (i) 51

O AT O3 T RS I B (1T ) 58 Semsess rporpis va Sae (o ) 51

ANeOETIMM T T T M e uex (G | = M it e 45 G it (1T ) )

AT T en T Y MO KO R T AT T R M e (iTT ) = Fsicrn T recr, =

e ) 205 Baanees a0 T-Gorecy (3anx) =

Pt escr g ree A s 3585 s e (1T} 88 Erigin ot M Gl (XXM s (1T ) =

Pucynok I8 — Cnaiin 8 «Po3moain cTyIeHTiB 1o «rpymnax 0opriB»-3»



MOJIEJIb

Kopeursinia o3nak

Gopu HasuaHHA
[

Kype

Creusnasics

Avagou Bianycria (unuva) Tan i

Yenarn roquk nponyeRs y ceuseT

YCK 0T 19NN AYANTIPHIK JTL ¥ CIMGTTF IR TR

MAIINMHHOI'O HABYAHHA
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opens kanuasan

- Kypc

Yesoro roans npom

Amaen sigmyen
VER3D FOANH AYAMTCRHIK 335RTS  CEMBCTR

- (DopMa HaBIaHHA
- KBampixams

- CemansHICTh
- AxameMm BimmycTKa (Imo mi€) - Ta Hi /

BH3Ha1eHHd yCHIIMMHOCTI CTyIeHTa HA MicTaBi TAKHX MapaMeTpiB fIK:

- Ycvo20 200un nponyckis 6 cemecmpi

- Ycb020 200uH ayoumopHux 3aiHAmMs 6 cemecmpi

Pucynok I'9 — Cnaiin 9 «Mojenb MalIMHHOTO HABYAHHS»

¥ Moy rporoays s jciurocT cryaseTe
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' Bikdo nofynosn rpagikie

BndepimL napamerpu

DOPNA HAZIAHHA ~

Kpyroea aisrpama

Microrpana

Tirtiinwi pagic

Tourosuil paQIK

T T

[Cowen ]

iV

Mogent. Mauwi1ioro kaguaiin nobygosaol

BikHo nmooy1oBH rpadikis

TPapMa K3gUAHHA -

Bulipark cranaapTHi padic

Tpadix 1

a2

panik 3

X W7 Bikro nofygoen madixie

SUDS0TR NAPAMETPH:

TOpNa HaBIEHAA ~| DopIa HEEUEHHA
Dopna wasuantia ~
e OBpaT CTaKAAPTHI matic

CnewiansHicT

OceiTkA nporoana rpaik 1
Kaheppa
TarmareT Tpatic 2
rpyna v

rpaix 3

Toukoguil rpadic

X.head()
08

- :{ U e Ky Cransaiern Arapem sigmycka (v} Younre ropn ponycs Tnpr Veroro rogwn namrops oty
| ] [] [ 64 1 0 1400.0
Laa 1 1 o ¢ 16 0 16 4100
2 1 o 1 23 1 364 4540
04 3 1 o 1 a7 1 2 4540
4 1 1 1 rig o o 3840

I'PA®IYHUHA IHTEP®ENC KOPUCTYBAYA [TPOTHO3HOI MOJEJII

Ton0BHE MeHIO MOTY.T5 Bikno BuGopy daiiay 1is 3aBantaxenns: IloBiloMaeHHAs Ipo yemimAy HoGyToBy MoX

Pucynok I.10 — Cnaiin 10 «I'padiununii inTepdeiic KopucTyBaua MporHo3Hoi MOIEII»
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Ipuknagu rpadikis
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Pucynok I'.11 — Cnatin 11 «I[Ipukmaau rpadikiBy
BUCHOBKH

B pesyisrari BUKOHAHHS HAyKOBO-/IOCIIHOI IPAKTHKH Oy/Ii BHKOHAHI HACTYIIHI 3aB/IaHHS:

1. TIpoanai3oBaHi METO/IH, K1 BHKOPHCTOBYIOTBCA UL BHPIIEHHS aHATONYHHX 3aBJIaHb Y cdepl OCBITH.

2. IpoBeziena nonepeiHsA 00poOKa JaHMX.

3. TToGyaoBaHa MOJIETh MAIIIHHOTO HABYAHHS, 3/[aTHA POTHO3YBATH YCIIIIHICTE CTYACHTIB Ha KiHEIb CEMECTpY.

4. BusiBiieH1 HaliOUTBIN 3HAYMMI O3HAKH y BU3HAYEHH] YCITIITHOCTI CTY/ICHTIB.

5. CtBopeHnmii rpadianmii iHTep@eiic KOPHCTyBaYa MPOTHO3HOI MOJIET] YCIIITHOCTI CTY/CHTIB.

OcKUIBKH NpH monepejHiii oOpobul gaHux OyIH BHKOPHCTaHI MITKH JUIS [O3HA4YeHHs "YCIHIIMIHOCTL
cTyzeHTa", TO THII MAlIMHHOTO HaBuaHHs OyB 3 yumreneM. Bymn anpoOoBaHi 3 Mojie/l MaNIMHHOTO HABYAHHS 3
yUHTelIeM, a caMe: JIOTICTHYHA PEerpecis, MeTo/| OIIOPHHX BEKTOpIB 1 Bumna/kosuii jic. Haiikpammii pesynsrar Ha
TecToBiil BHOIPII MoKa3aB KiacH(pikarop "BrmakoBmii mic". I1eif amropnT™ € ONTHMATEHAM TaK, K Ma€ HACTYITHI
JIOCTOTHCTBA.

Oxpim 1poro, OyB cTBOpeHHii rpadiunmii iHTepdeiic T MOy 10 IPOrHO3YBAHHIO YCHINTHOCTI CTY/ICHTIB

Ha KiHeIlb CeMECTpY 3a MIOTOUYHMMH OIIHKAMIL.

Pucynok I.12 — Cnaiin 12 «BucHoBku»

Oakyto 3a YBary!

Pucynok I'.13 — Cnaiin 13 «/Igxyto 3a YBary!»



Jonarok /]

ExcniepTHuil BUCHOBOK pe3yibTaTiB MepeBipky KBaiikaiiitHoi po6oTu Ha

BiAnoBiAHICTE opopmiienHs Bumoram JICTY 3008: 2015

ExcriepTHHIT BHCHOBOK pe3y/IbTaTiB MepeBipKH KBamidikarifinoi poboTn

CTYIEHT

(mocama)

MpOrpaMHol imKeHepil

(radenpa)

Kopogaitna Bnagucnasa CepriiBHa

3ayBaKeHH

{{ mpizERme, iv’'s, mo GaTEEOEL )

M133mm-22-1

(rpyma)

ITymetr JCTY
3008-2015

3MiCT IyHKTY

CTtopiHKa
kBaniikaniHHOL
poBOTH

1

5

3

7.1 3araJbHi D0/JI0KeHHA

7.3 HyMepanif cTOpPiHOK 3BiTY

7.4 HyMmepanisa po3iiIiB, Oiapo3aiaiB, OVHKTIB, DiIOVHKTIB

7.5 PHCYHKH

7.6 Tadaumi

7.7 Ilepedikn

7.8 IIpHMITKH

7.9 BHHOCKH

7.10 @OopMYJIH TA PiBHAHHA

7.11 ITocHIaHHA

7.13 COHCOK aBTOpiB

7.14 CKOpoYeHHA TA YMOBHI IO3HAKH

7.15 ToaaTKH

3ayBaXXcHb HEMaAE

Excnept
(mirmc)

08.06.2024

Onena OJIIHUK

(mpizEmme, imimiam)
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