JIOJATOK A

['padiunnmii matepian kBanidikaiiiHoi poooTH
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Meton 00podxu 300paxeHs 3
BHKOPHCTAHHAM MAIIHHHOIO HABYAHHSA

KgBamidikairiitna podora
Bukonas: KepiBauK:
ctyaeHt rp. CIIm-23-5 not. kadp. EOM, k.T.H.,
Posenuak B.M. ®enopuenko B.M.

Merta pob0oTH Ta 3aBJIaHHS

Metoro kBandidikamiiiHoi poGoTH € JTOCTiKeHHS iCHYIOUHX METO[IB Ta peaii3alis e(heKTHBHOTO
MeTony 0OpoOKH 300paieHb, AKHII JO3BOJIAE 3 BICOKOK TOUHICTEO PO3Ii3HABaTH O3HAKH IHEBMOHII
Ha PeHTTeHiBCHKHX 3HIMKaX.

O0’ekTOoM JOCTiTKeHHA € Tpolec 00poOKH MeJIUHNX 300pakeHb 13 MeTOK BHSBIEHHA O3HAK
IIATOJIOT M.

3aBnanns:

d

d

TIPOBECTH aHANI3 CYJacHHX MeTO[iB 00poOKN 300pakeHh Ta aNTOPHTMIB MANIMHHOTO HAaBUaHHS,
IO 3aCTOCOBYIOTHCSA UL MeJHUHOI JIIarHOCTHKH;

JOCIINTH apXiTeKTypH ITNOOKUX HelIpOHHIX Mepe 3 MeTOH OINHKH iXHBOI MPHIATHOCTI /1A
BHSBJICHHA IIHEBMOHII Ha PEHITeHIBCHKIX 3HIMKAX;

00paTH BiAMOBITHUI BiIKpUTHII HAOlp MeIUIHIX 300pakeHsb Ta 3/iHCHITH IONEPETHIO 00pOOKY
JaHIX;

PO3poOHTH Ta peami3yBaTH MoJelb ININOOKOTO HaBUaHHA [T KnacH}ikarlii 3HIMKIB Ha HafBHICTh
a00 BiICYTHICTh THEBMOHII;

IIPOBeCTH HABYAHHA Ta TeCTYBAaHHA MoJeli, 3 BHKOPHCTAHHSAM CTaHJAPTHHX MeTPHK TOYHOCTI,
UYTAHBOCTI, cheruditaocTi Ta AUC;

3AIfICHATH Bi3yaii3allifo pe3ylsTaTiB poOOTH MoOJeNi, BKIHUAIOYH TIPAaBHIBHI Ta XHOHL
KiacH}ikamii;

OIIIHNTHU e()eKTHBHICTE pO3pOOIeHOr0 MeTOY Ta IIOPIBHATH HOTO 3 iHITHMH ITiIXOTaMI.
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[TopiBHSUIbHUI aHAJII3 METO/IIB MAIIMHHOTO HaBYaHHS
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Scores (0-1 scale)
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Comparison of ML Algorithms by Accuracy, Speed, and Interpretability

. Accuracy

Speed
. Interpretability

SVM

0.
0.0 ;
Decision Tree Random Forest

k-NN Neural Network

Algorithms

Orsi apXiTEKTyp Ta IHCTPYMEHTIB peatizarii

4

ApxiTerTypa Ilpr3rauenns Karwouosi ocodanBocTi
CNN O06pobKa 300pakeHb. BiICO, MPOCTOPOBHX JAHHX | 3ropTKOBi BLIBTPH. JTOKAIBHICTD, i€PApXiUHE BITYUCHHA O3HAK
RNN OBpobKa IMOCTIOBHOCTE . YaCOBHX PAIIB. MOBH 3BOpOTHI 3B’ A3KH. I1aM ATh MPO MOMEPEIH] CTAHH
GAN TeHepalli HOBHX JaHHX. 30KpeMa 300pakeHb | ApPXITEKTypa 3 ABOMA MEPEKaMH: TeHepaTop i AMCKPHMIHATOP
ApxitexkTypa IlepeBarn Heaoaixkn
CNN Brucoka TouHICTh IIpH KIacHiKaLii 300pakeHb He nprcTocoBaHa 10 00POOKH MOCTIIOBHOCTEH
RNN JloGpe mparnoe 3 YaCOBHMH 3aTEKHOCTAMH CKIAIHICTh TPSHYBAaHHA, IPOOIEMa 3 rpadicHTaMH
GAN 37aTHICTH CTBOPIOBATH PeATICTHYHI HOBI JaHi Baskke HAJamITYBaHHA. HECTAOLTbHICTD M1 YaC HABYAHHA
DpeiiMBOpK OcHOBHE NPH3HAYECHHS Cymicaicts 3 Google Colab
TensorFlow I'mOOKe HABYAHHA, PO3POOKA HEHPOHHHX MEpPEkK TToBHa iHTErpamuia, MONepeIHbO BCTAHOBICHHI
PyTorch I'10oKe HABUAHHA, HAYKOBI JOCTUDKEHHA Ta Bi3yaTisawia IToBHa iHTerpawii, MONepeIHbO BCTAHOBICHHIT
OpenCV OBpodKa 300pakeHb. KOMIT IOTEPHHI 3ip TToBHa iHTerpalii. MOMepeIHbO BCTAHOBICHHI
PpeiiMBOpR IlepeBarn Hexoaixn
TensorFlow TTiarpryKa MOOLTBHHX Ta Bed-ruaatdopy. TPU CK7IaJHIMA BIAIArOKCHHA, TPOMI3IKHI CHHTAKCHC
PyTorch THYUKICTB., 3pYUHICTB V1A JOCTIAHHKIB, JHHAMIYHE OOUHCICHHA MeHm 3pyqHHIT Y BHPOOHHYHX CepeI0BHIIAX
OpenCV IIIBHAKICT. IPOCTOTA OA30BHX OMEpALIiil 300pakeHb

He npusnaveHHit 1714 rIHOOKOr0 HABYAHHA




Meton 0oOpoOKH MEeIUYHHUX 300paKeHb
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Meton 0OpoOKH MEIUYHUX 300paKeHb 6

Kpok 1. Bubip i nigrotoBka gaHnx:

O eukopucToByeTbecs aataceT ChestMNIST i3 konekuii MedMNIST, wo mictute 306paxeHHs y chopmari
28x28 nikcenie;

U paHi noginsTeCA HAa TpeHyBanbHWIA, BanigauiiHvi | TecToBmid Habopw;

U 3pifcHIOETECA HOpMAani3auisi NiKCenbHWX 3HA4YeHb, NEPeTBOPEHHS A0 TeH30pIB, a TaKoX, 3a notpebn,
BbanaHcyBaHHS Knacie.

Kpok 2. Nobygoea H6a3oBoi HeilpoHHOT Moaeni:

U po3pobnseTbca 3ropTkoBa HelipoHHa mepexa (CNN) 3 kinbkoma wapamm Conv2D, MaxPooling, Dropout
i Dense;

U 3acTtocoByoTbea chyHKUiT akTueauii ReLU, a Ha BuxigHomMy wapi — Softmax (ans 6iHapHoi knacudikauii
— sigmoid);

U komninsauis Mmogeni 3 BUKOpWUCTaHHAM onTumMisaTopa Adam, dyHKuil BTpaT binary crossentropy, Ta
METPUWK TOYHOCTI.

Kpok 3. PoswwvpeHHsa mogeni Ha ocHoei ResNet:

U imnnemeHTyeTbea BapiaHT ResNet (Hanpuknag, ResNet18) 3 nonepeaHbo HaB4eHMMK Baramu abo 6e3
HUWX;

U apxiTekTypa aganTyeTbcsa A0 PO3MIpIB BXigHUX 306paXeHsk i KiNbKOCTi BUXiAHWX KNACiB;

U 3abesne4vyetbea rmmblue Buny4YeHHs o3Hak 6e3 BTpaTy rpagieHTiB (residual connections).

Kpok 4. Hae4aHHsa mogeni:

O Hae4YaHHSA NPOBOAWTLCS B KiNbKa enox 3 BUKOPUCTaHHAM 30epexeHHs Hakkpallol mogeni
(ModelCheckpoint) Ta koHTponto 3a BTpaToto Ha BanigauiiiHomy Habopi (EarlyStopping);

U Bepetbesa 36ip icTopil TOMHOCTI i BTpaT Ang nogansLiol Bisyanisauii.

Kpok 5. OuiHka pe3ynkrarTie:

U obuucnioTeea ToYHICTE, recall, precision, F1-score;

U 6yayetbeca matpuusa HeTodHocTel, ROC-kpuea, PR-kpuBa, a Takox ob4ncnioeteca AUC;

U BisyanisyloTecs NpaBunbHi Ta xMbHi nepegbayeHHs Mogeni Ha npyknagax 30b6paxkeHs.

Kpok 6. |[HTepnpeTaujs Ta BuBOgMK:

U aHanisyeTbcs NoBefiHka Mogeni, BUSBNATLCA CUMBHI CTOPOHW Ta NOTEHLiAHI MOMUITKW.
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CTpyKTypa 3ropTKOBOi HEHPOHHOI MEPEKI.

ResNet.

Layer (type) Output Shape paras ¢ | comnected to
input_layer 1 (nane, 224, 226, o
(Inputiayer) 3)
convi_pad (uone, 239, 230, @ | ingut_layer_1[e).
(zercPac3ing20) 3
nodel: “sequential®
convi_coav (Convad) | (wone, 112, 112, 9,472 | convi_pacg[e][e]
Layer (type) output shape Paran # -
conva_ba (none, 112, 112, 255 | convi_conv[e][e]
convad (Convio) (none, 26, 26, 32) 320 (eatchwormalizatic )
nax_pooling2d (MaxPooling2n) (Non 13, 13, ) ° convi_relv (vone, 122, 112, @ | convi_bn[e]le])
(Activation) £4)
coavad 1 (Comvan) (ons, 23, 31,.:99) i pool1_pad (wone, 114, 114, & | conva_relufe]fe)
(ZeroPadding20) ©4)
nax_pooling2d_1 (MaxPooling2D) (none, 5, 5, 64) °
pooll_pool (None, S6, 56, @ | pooli_pad[e](e)
flatten (Flatten) (None, 1600) ° (MaxPooling2d) %4)
dense (Dense) (v £2) 102,464 conv2_blocki_1_conv | (wone, S6, 56, 4,160 | pool1_pool[e](e)
- (comvao) &4)
dropout (Oropout) (Nose, 64) o convz_blockl_1_ba (mone, 38, 6, 256 | comva_block 1 c_
(Eatchyormalizatio. | €4)
dense_1 (Dense) (nooe, 1) s
conv2_blockl_1_relu | (wone, 56, 56, ® | convz_block1 1 b.
Total params: 121,345 (474.00 xB) (Activation) £4)
Trainable params: 121,345 (474.00 KB)
5 conv2_block 2 conv | (wone, S6, S, 36,928 | conva_block 1 r_
Non-trainable params: ¢ (0.00 8) (Convao) 63)
conv2_blocks_2_ba (wone, 56, S6, 255 | conva blockl 2 ¢
(estchvormalizatio. | €4)
conv2_block:_2_relu | (wone, 56, 56, @ | convz_block: 2 b.
(Activation)
conv2_blockl_e_conv 1¢,542 | pooll _poolle]fe)
(Convan)
conv2_blocks_3_conv 16,648 | comv2_blockl 2 r.
(Conv2D)
conv2_blocki_o_ba 1,024 | conv2 blockl O ¢
(satchuormalizatio
conv2_block:_3_ba 1,02¢ | comvz block: 3 ¢
(Batchwormalizatic
conv2_block_add @ | coava_block1 e b.
(rad) conv2_blockl 3 b_
conv2 dlocky out @ | conv2 blocia asd_

3MiHa TOYHOCTI MOJIENI II1] Yac HaBYaHHA 1 BaIiaaiii
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3MmiHa QYHKII BTpaT Ha TPEHYBaJIbHOMY Ta
BaJIlTAI[ITHOMY HaO0Opax JTaHUX

Training vs Validation Loss
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ROC xpuBa

ROC-kpuBa
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Precision-Recall. Bizyamizaiis pe3ynbrariB

KJIacuQikarii

Precision-Recall Curve
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METHODS OF DATA MINING USING MACHINE LEARNING

Aluuu Relevance. In m context of the comtmuous grouth of nfematon W

respective advantages sad limitations

H-&r-umu;l“cwmluuﬂ_.

promusng
‘algorthmi: precision with domain-specific expertise.

Keywords; meelligent data smalysis, machine
‘works, dimensionalfy reduction,

Geep learmung. neural pet.

learming, classification, clasterzg. regresnon,
iyl tols, D Mg, CRISP.DM, Autel . Big Data. Pren

Introduction
Inteltigent data analysis (Data Miniag) [1] & a sig-

of both structured and unstructured data. s today's
world, data is genersted at an unprecedented rate - from
onkine platforms aod socul petworks to financial trans-
actions, medical records, and industnial sensons. fn thus
context of informaticn overioad, tradstional analytical
methods are Jowng Diewr effectiveness and are increas-
WMWW-NMW
Machise learning plays a ceatral role as the driv-
ing force belind intelligent data asalysia. Ita ability 10

of digatal data, the need for more complex, self-learning
algorithms bas become apparest. Machme learming bas
evolved from simple niodels 1o advanced deep neanal
networks capable of performing multi-level information
peocessing with high accuracy

Unlike traditional statistical methods, whach are
w—umwnmmuwm

1.0

True: 1| Pred: 1

A ams, i e bt e ) o

nance, educauca,  and multimedia &3 well as
papers focused co duta pro-
(e-q-‘op--ciu«mmm

A sgmificant contribution w thes area 1 preseated
n [2). & comprebensive review on frand detection
methods based on dsta mining and machine leaming
techniques The paper covers multiple apphied domauns,

review [3), focused on the use of machine learming in
educanca The authon trace the evolutice of Educanion.
lenM.-qladel-.:\n)ybuo\vﬁapm
decade, amalyzing both the growth m.

use of classification models for leaming otcome pre-
diction, learnmg style analyss, aad recommendation

rrstams i MOEL Tha asass slon sveminas tha sanls

and modern machine learming algorihms m
soomalies. It cover supervised, ussuper-

13s6d, and deep learning methods, aasesnng abuity
to financal data and detect

ver, challenges particular-
Iy regarding class imbalance and model generalization
The stody proposes hybed that combee

phasizes the potestial of explemable Al 10 eahunce
asomaly

y and trust in sutcenated financial
detection systemss. The y e

of learming in financial asalytics
and directions for improving ancena.

A sotable interdssciplinary example 13 a stody ded-
iated 10 the wse of machine learning in cardiology, The
publication [$] presents an extensive meta-amalysis of
over forty stadies focused on automated prediction of
coronary antery disease using chinical and demographic

works - esnerge a4 the most effective modals. The study
emphasizes evaluation usiag medscally relevant metnics
wch as semsitivity, specaficaty, and accaracy, Baghlight-
ing the mmportance of not only statuteal performance
bt also the applicabality of models withan medical sys-
tems, where false positives or negatives can have sen.

D. Diachenko, M. Prokopchyk, V. Rovenchak. A. Frolov. Methods of data mining using machine learning. Cucremu

VIPABIiHHA, Haeiranii Ta 38 42Ky, eun.4. [Toxraea, 2025.
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Bucunosxu 15

Bymo po3pobeHo, peamnizoBaHo Ta apoOOBaHO MeTOJ 00pOOKH MeTHUHHX 300pakeHb Ha OCHOBL
HOOKOrO MAIIHHOTO HABYaHHA, 30KpeMa i3 3aCTOCYBAaHHAM 3TOPTKOBHX HelIpOHHHX Mepek. MeToro
pobotn Oy1o BUBUEHHA MOKIHBOCTEHl aBTOMATH30BAHOTO aHAMi3y 300pakeHb OpPraHiB TPyAHOI KIIiTKH
JUTS. BUSBTIEHHS T1ATOJIOT I (30KpeMa, THEeBMOHI{) 3 BUKOPHCTAHHAM CyJIacHHX HeHPOHHIX apXiTeKTyp.

VY TeopeTnuHill dYacTHHi OylI0 IIpoBelleHO CICTEMATH30BaHHII OIIA MeTOdiB 0OpOOKH
300paeHsb, IO OXOILTIOBAB K KJIACHYHI i Xou ((pinbTpartis, KOHTYpHHUII aHali3, CeTMeHTallif), TakK i
CydacHi aqrOpHTMH HA OCHOBI MAIIHHHOTO HaBYaHHA. OcCOONHBY yBary IpHATEHO NPHHIIHIIAM
poboTH IMMOOKUX 3TOPTKOBHX Mepeik, iX apxitekrypaM (CNN, ResNet, U-Net) Ta eTanam MiITOTOBKH
JaHOX [ HaBUYaHHS Mojeneil. YV KOHTeKCTi MeJNUHHX 3aCTOCYBaHb OYIIO PO3IIAHYTO OCOOTHBOCTI
KiacH}ikanii, cerMeHTaIlii Ta MOACHeHHSA pillleHb MojIeNell.

IIpakTiuHa dYacTHHA JOCTIDKeHHA BKIIOWANa peanizallilo Kiacu@ikaimiiiHol Mojemi g
BUSBNIeHHA TTHEBMOHII Ha ocHOBi Hadopy 300paxeHp ChestMNIST i3 komekmuii MedMNIST. Bymo
oOy10BaHO 0a30BY 3TOPTKOBY HelipoMepexky, a Takok anpoOoBaHO MOH(pIKaIio 3 BHKOPHCTAHHAM
ResNet-apxiTeKTypH, 0 JO3BOMIUIO JOCATTH BUCOKHX 3HadeHb TOUHOCTI (ToHan 94%) Ta 4y LIHBOCTI.
Bymo peamizoBaHO TOBHHIl IHKI: BiJl 3aBaHTaXKeHHA il IomepeqHBOI O0OpOOKH JaHHX 10 OIIHKH
pe3yIbTaTiB 3a JOMOMOTOK MaTpHIli HeTouHocTeil, ROC-kpuBoi Ta PR-kpneoi. Okpema yBara Oyna
TIpHCBAUEHA Bi3yawi3allii pe3ynbTaTiB i MOACHEHHIO TMOBE[JIHKHM MOJeNi Ha MPHKIAJi KOHKPEeTHHX
300pakeHs.

OTpuMaHi pe3ylbTaTH IIATBEpPIIIH TiMoTe3y MIOA0 e(eKTHBHOCTI BHKOPHCTAHHA ITTHOOKHX
3TOPTKOBHX Mepek I Kiachdikanii MeImUHNX 300pakeHb. 3alNpONOHOBAHHI MiIXiJ 3HAYHO
TIepeBepIINB KIAaCHYHI MeTOIH MAIIIHHOTO HABYAHHA AK 33 TOYHICTIO, TAaK 1 3a aJalTHBHICTIO 1O
CKIAIHNX, HEOTHOPITHHX [JaHHX. IIOpIBHAHHA 3 aHaJOraMH IIPOJEMOHCTPYBAIO IepeBary
po3podiIeHoi MofIeni AK 3a AKICTIO KIacH(ikaii, Tak i 3a ii y3araabHIOIOIOR0 3JaTHICTIO.
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JIOJIATOK B

[Iporpamuuit Koz

b.1 Bcranosienns 6i0110Tek, 3aBantakeHHs MedMNIST

import numpy as np

import matplotlib.pyplot as plt

import tensorflow as tf

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Conv2D, MaxPooling2D,
Flatten, Dense, Dropout

from sklearn.metrics import classification report,
confusion matrix

import seaborn as sns

'pip install -g medmnist

from medmnist import INFO

from medmnist import PneumoniaMNIST

import torchvision.transforms as transforms

# HasjlamTyBaHHS

data flag = 'pneumoniamnist'
info = INFO[data flag]
DataClass = getattr( import ('medmnist'),

info['python class'])

# BaBaHTaXeHHHA

train dataset = DataClass(split='train',
transform=transforms.ToTensor (), download=True)
test dataset = DataClass(split='test',
transform=transforms.ToTensor (), download=True)

X train train dataset.imgs / 255.0

y _train = train dataset.labels.flatten()
X test = test dataset.imgs / 255.0

y _test = test dataset.labels.flatten()

X train = X train[..., np.newaxis]
X test = X test[..., np.newaxis]

b.2 Tlo6ynoBa moneni CNN, HaBuaHHS MOjENi, Bi3yani3alis pe3yJbTaTiB

HaBYaHHA

model = Sequential ([
Conv2D (32, (3,3), activation='relu', input shape=(28, 28,
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MaxPooling2D(2,2),

Conv2D (64, (3,3), activation='relu'),
MaxPooling2D(2,2),

Flatten (),

Dense (64, activation='relu'),

Dropout (0.3),

Dense (1, activation='sigmoid')

1)

model .compile (optimizer="adam',
loss="'binary crossentropy',
metrics=["accuracy'])

model . summary ()

history = model.fit (X train, y train, epochs=5,

validation split=0.2)

plt.plot (history.history|['accuracy'], label='Train Accuracy')
plt.plot (history.history['val accuracy'], label='Val Accuracy')
plt.xlabel ('Epoch')

plt.ylabel ('Accuracy')

plt.title('Training vs Validation Accuracy')

plt.legend()

plt.show ()

plt.plot (history.history['loss'], label='Train Loss')
plt.plot (history.history['val loss'], label='Val Loss')
plt.xlabel ('Epoch')

plt.ylabel ('Loss')

plt.title('Training vs Validation Loss')

plt.legend()

plt.show ()

b.3 Ouinka wMogeni, ROC-kpuBa, kimacudikaiiHuil 3BIT, TPUKIAIA

kiacudikariii 300pakeHb

plt.plot (history.history(['accuracy'], label='Train Accuracy')
plt.plot (history.history['val accuracy'], label='Val Accuracy')
plt.xlabel ('Epoch')

plt.ylabel ('Accuracy')

plt.title('Training vs Validation Accuracy')

plt.legend()

plt.show ()

plt.plot (history.history['loss'], label='Train Loss')
plt.plot (history.history['val loss'], label='Val Loss')
plt.xlabel ('Epoch')

plt.ylabel ('Loss')

plt.title('Training vs Validation Loss')

plt.legend()

plt.show ()



67

loss, acc = model.evaluate (X test, y test)
print (f"Test Accuracy: {acc*100:.2f}%")

y pred = model.predict (X test) > 0.5

cm = confusion matrix(y test, y pred)

sns.heatmap (cm, annot=True, fmt='d', cmap='Blues',
xticklabels=["'Normal', 'Pneumonia'], yticklabels=['Normal',
'Pneumonia'])

plt.xlabel ('Predicted")

plt.ylabel ('True')

plt.title('Confusion Matrix')

plt.show ()

from sklearn.metrics import roc curve, auc

fpr, tpr, = roc curve(y test, model.predict (X test))
roc _auc = auc (fpr, tpr)
plt.figure()

plt.plot (fpr, tpr, label=f'ROC-kpma (AUC = {roc auc:.2f})"')
plt'plOt([or 1]/ [Or 1]/ 'k__')

plt.xlabel ('False Positive Rate')

plt.ylabel ('True Positive Rate')

plt.title ('"ROC-xpuBa')

plt.legend(loc="lower right")

plt.show ()
print (classification report(y test, y pred,
target names=['Normal', 'Pneumonia']))

import random

indices = random.sample (range (len (X test)), 9)
plt.figure(figsize=(10, 10))
for i, idx in enumerate (indices) :
plt.subplot (3, 3, i + 1)
plt.imshow (X test[idx].squeeze (), cmap='gray')
plt.title(f"True: {y test[idx]} | Pred: {int(y pred[idx])}")
plt.axis('off")
plt.tight layout ()
plt.show ()

1t.show ()



