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# Nab6opaTopHasa paboTta N3

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import matplotlib.cm as cm

import seaborn as sns

from sklearn.preprocessing import StandardScaler

from sklearn.cluster import KMeans, AgglomerativeClustering

from sklearn.metrics import (silhouette_samples, silhouette_score,
adjusted_rand_score, v_measure_score,
calinski_harabasz score,

davies bouldin_score)

from scipy.spatial.distance import cdist

from scipy.cluster.hierarchy import dendrogram, linkage

from sklearn.decomposition import PCA

[ ] nmnn

bepem yxe M3BECTHbIN HaM AaTaceT C BUHaAMWU

url = 'https://archive.ics.uci.edu/ml/machine-learning-databases/wine-
quality/winequality-red.csv'

df = pd.read_csv(url, sep=';")

df.head()

X = df.drop('quality', axis=1)
y = df['quality']
real_k = len(y.unique())

plt.figure(figsize=(8, 5))
ax = sns.countplot(x=y, palette='viridis', hue=y, legend=False)
plt.title('PacnpeneneHue knaccos')
plt.xlabel('OueHka KauecTBa')
plt.ylabel('KonuuecTBo 3sk3emnnapos')
for p in ax.patches:

ax.annotate(f'{int(p.get_height())}', (p.get_x() + p.get_width() /
2., p.get_height()),

ha='center', va='center', xytext=(0, 5),

textcoords="'offset points')
plt.show()




##t Koppenorpamma nNpu3HaKkoB

plt.figure(figsize=(10, 8))

sns.heatmap(X.corr(), annot=True, cmap='coolwarm', fmt=".2f")
plt.title('KoppenaunoHHasa maTpuua NpPuU3HaAKoB')

plt.show()

scaler = StandardScaler()
X_scaled = scaler.fit_transform(X)

## OCHOBHble (YHKLMUNK

def plot_silhouette_analysis(data, n_clusters):
fig, axl = plt.subplots(1, 1, figsize=(10, 6))

clusterer = KMeans(n_clusters=n_clusters, random_state=42)
cluster_labels = clusterer.fit_predict(data)

silhouette_avg = silhouette_score(data, cluster_labels)
sample_silhouette_values = silhouette_samples(data, cluster_labels)

y_lower = 10
for i in range(n_clusters):
ith_cluster_silhouette values =
sample_silhouette_values[cluster_labels == i]
ith_cluster_silhouette_values.sort()

size_cluster_i = ith_cluster_silhouette_values.shape[0]
y_upper = y_lower + size_cluster_i

color = cm.nipy_spectral(float(i) / n_clusters)
ax1.fill_betweenx(np.arange(y_lower, y_upper),
@, ith_cluster_silhouette_values,
facecolor=color, edgecolor=color, alpha=0.7,
label=f'KnacTtep {i}')

axl.text(-0.05, y_lower + 0.5 * size_cluster_i, str(i))
y_lower = y_upper + 10

axl.set_title(f"Awanus cunysta ansa {n_clusters} knactepos")

axl.set_xlabel("3HaueHune KoahbduuveHTa cunysta")

axl.set_ylabel("Homep knacTtepa")

axl.axvline(x=silhouette_avg, color="red", linestyle="--",
label=f'CpegHun: {silhouette_avg:.2f}")

axl.set_yticks([])

axl.set xticks([-0.2, 0, 0.2, 0.4, 0.6, 0.8, 11)
axl.legend(loc="upper right')

plt.show()




def evaluate_clusters(data, max_k=10):
inertias, distortions, silhouettes
K = range(2, max_k + 1)

for k in K:
kmeans = KMeans(n_clusters=k, random_state=42).fit(data)
inertias.append(kmeans.inertia_)
distortions.append(sum(np.min(cdist(data,
kmeans.cluster_centers_, 'euclidean'), axis=1)) / data.shape[0])
silhouettes.append(silhouette_score(data, kmeans.labels_))

fig, axes = plt.subplots(1, 3, figsize=(18, 5))
axes[0].plot(K, inertias, 'bo-')
axes[0].set_title('Metoa nokta (UHepuma)')
axes[0].set_xlabel('UYucno knacrtepos')

axes[1].plot(K, distortions, 'go-')
axes[1].set_title('Meton nokta (UckaxeHue)')
axes[1].set_xlabel('Yucno knactepos')

axes[2].plot(K, silhouettes, 'ro-')
axes[2].set_title('MeTpuka cunysta')
axes[2].set_xlabel('Yucno knacrtepos')
plt.tight_Tlayout()

plt.show()

def plot_projections(data, original_labels, kmeans_labels, ward_labels,
title_prefix=""):
fig, axes = plt.subplots(1, 3, figsize=(18, 5))

scatter_orig = axes[0].scatter(datal:, 0], datal[:, 1],
c=original_labels, cmap='viridis', alpha=0.6)

axes[0].set_title(f'{title_prefix} PeanbHble Knacchb')

axes[0].legend(*scatter_orig.legend_elements(), title="Knaccn")

scatter_kmeans = axes[1].scatter(datal:, 0], datal[:, 1],
c=kmeans_labels, cmap='viridis', alpha=0.6)

axes[1].set_title(f'{title_prefix} MpeackasaHua K-means')

axes[1].legend(*scatter_kmeans.legend_elements(), title="KnacTepb")

scatter ward = axes[2].scatter(datal[:, 0], datal[:, 1],
c=ward_labels, cmap='viridis', alpha=0.6)

axes[2].set_title(f'{title_prefix} MpeackasaHua Ward')

axes[2].legend(*scatter_ward.legend_elements(), title="KnacTepb")

plt.show()

def calculate_advanced_metrics(data, true_labels, predicted_labels,
model_name):
ari = adjusted_rand_score(true_labels, predicted_labels)




v_measure = v_measure_score(true_labels, predicted_labels)
ch_score = calinski_harabasz_score(data, predicted_labels)
db_score = davies_bouldin_score(data, predicted_labels)

print(f"--- JononHutenbHble meTpukn ansa {model_name} ---")
print(f"Adjusted Rand Index (ARI): {ari:.4f}")
print(f"V-Measure: {v_measure:.4f}")
print(f"Calinski-Harabasz Score: {ch_score:.4f}")
print(f"Davies-Bouldin Score: {db_score:.4f}")
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## K-means Ha OpPUTrMHANbHbIX AAHHbIX

print(f"PeanbHoe uucno knaccos: {real_k}")
evaluate_clusters(X _scaled)

plot_silhouette_analysis(X_scaled, n_clusters=real_k)

kmeans = KMeans(n_clusters=real_k, random_state=42)

kmeans_labels = kmeans.fit_predict(X_scaled)

crosstab_kmeans = pd.crosstab(y, kmeans_labels, rownames=['Original'],
colnames=['Predicted K-means'])

crosstab_kmeans

calculate_advanced_metrics(X_scaled, y, kmeans_labels, "K-means")

## Ward Ha OpurnvHanbHbIX AAHHbIX

linked = linkage(X_scaled, method='ward')
plt.figure(figsize=(10, 5))

dendrogram(linked, truncate_mode='level', p=5)
plt.title('Aenaporpamma (MeTtoa Yopaa)')
plt.show()

ward = AgglomerativeClustering(n_clusters=real_k, linkage='ward')
ward_labels = ward.fit_predict(X_scaled)

calculate_advanced_metrics(X_scaled, y, ward_labels, "ward")

## [narpamma paccesHUA HA OPUTUHANbHbIX AAaHHbIX

plot_projections(X_scaled, y, kmeans_labels, ward_labels, "OpuruHanbHbie
npusHaku:")

nn Il## PCAII nn

pca_full = PCA()

pca_full.fit(X_scaled)

eigenvalues = pca_full.explained_variance_

n_components = np.sum(eigenvalues > 1)
print(f"KonnuecTBo KOMMOHEHT C CO6CTBEHHbIMU yucnamu > 1:
{n_components}")




pca = PCA(n_components=n_components)
X_pca = pca.fit_transform(X_scaled)

""U##t K-means Ha PCA"""
evaluate_clusters(X_pca)
plot_silhouette_analysis(X_pca, n_clusters=real_k)

kmeans_pca = KMeans(n_clusters=real_k, random_state=42)
kmeans_labels_pca = kmeans_pca.fit_predict(X_pca)
crosstab_kmeans_pca = pd.crosstab(y, kmeans_labels_pca,
rownames=['Original'], colnames=['Predicted K-means (PCA)'])
crosstab_kmeans_pca

calculate_advanced_metrics(X_scaled, y, kmeans_labels_pca, "K-means
PCA")

IIIIII## WaI‘d Ha PCAHIIII

linked_pca = linkage(X_pca, method='ward')
plt.figure(figsize=(10, 5))

dendrogram(linked_pca, truncate_mode='level', p=5)
plt.title('dengporpamma (PCA, Metoa Yopaa)')
plt.show()

ward_pca = AgglomerativeClustering(n_clusters=real_k, linkage='ward')
ward_labels_pca = ward_pca.fit_predict(X_pca)

calculate_advanced_metrics(X_scaled, y, ward_labels_pca, "Ward PCA")

[ ] nnun

## [unarpamma paccesdaHua Ha PCA

plot_projections(X_pca, y, kmeans_labels_pca, ward_labels_pca, "Mocne
PCA:")

BoiBoabl no /1P3:

**%1. [10 MOHMKXEHUA pPa3MepHOCTU**
- Mo rpajukam meTofda NOKTA HAa WCXOAHbIX MPU3HAKAX HET UYETKO BbIPAXEHHOTO
ONTUMYMA: MHEpPUMs U UCKaxeHue y6biBalOT MNMAAaBHO, MO3TOMY YUCNO KNACTEPOB MO
3TuUM rpaukam onpefensieTca HeyBEPEHHO.
- Mo cunysTy Makcumym Habnwgaetca npu "k = 2° (okono "0.21°), HO 370
rOBOPUT CKOpee O CNabon ecTeCTBEHHOW PA3AeNUMMOCTM [AaHHbIX, YeM O XOpowem
pa3bumeHnn: KNaccbl 3aMeTHO MNepeKpbiBANTCA.
Mo BHEWHWM MEeTPUKaM KauyeCTBO KfacTepu3auun HU3Koe:
"K-means®™ — "ARI = 0.0768°, "V-measure = 0.1048 , "CH = 275.3569°, DB
1.4589;
“Ward™ — "ARI = 0.0610 , "V-measure = 0.0779°, "CH = 225.7710°, DB =
.5263".




3To o3HauyaeT, 4To o6a meToda cCnabo coBMafaAlT C WCXOAHBIMMA KAaccamu, a
"K-means ™ Ha MCXOAHbIX MpU3HAKax HemHoro nydwe Ward .

*%2. MNocne npumeHeHus MIK (PCA)xx
- Bbino BbigeNeHo 4 rnaBHble KOMMOHEHTbl C CO6CTBEHHbMKW uyucnamum 6onbwe 1, TO
€CTb CYWeCTBEHHAs 4YacCTb AWCMEPCUN AAHHbIX COXPAHAETCH YXe B MEHbleM 4ucne
NMPU3HaKOB.
- BHyTpeHHME XapaKTepUCTUKN KnacTepusauuu CTanum nydwe: MAKCUMYM CuUNysTa
BbIPOC NpumepHo Ao 0.29° npu "k = 5-6°, a Ha rpadukax KnacTepb BU3yanbHO
CTanum KOMMaKTHee.
- Mpu 3TOM COBMafeHME C WUCXOAHbBIMA KMacCamu MOUTU He YNyywnnochb:

"K-means PCA”™ — "ARI = 0.0726 , V-measure = 0.1002°, "CH = 272.4725",
DB = 1.4762";

“Ward PCA" — "ARI = 0.0507°, "V-measure = 0.0651°, "CH = 228.8654 ,
‘DB = 1.5821 .

3HaunT, PCA ynyywuia reomeTpuld KNacTepoB, HO He yCTpaHuWIa OCHOBHYH
npobnemy — CWUNbHOE MNEpPeKpbiTUE U AMCOANaHC KNaccoB.

*%3. O6WUA UTOM**

- [lns 3Toro gartaceTa KayeCTBO KiacTepu3auuym OrpaHMYeHO CaMuUm
pacnpegeneHMemMm KnaccoB: KPYMHble KMaccbl nepemewnBawTcs C APYrumMu, a
HebonblMe MNNOXO OTAENANTCSA.

- OueHumBaTb pe3ynbTaT 3[4eCb /ydlle MO COBOKYMHOCTU METPUK: CUIYIT W”
rpadmkyn NMoKa3biBaloT BHYTPEHHWKW CTPYKTypy, a ARI, "V-measure ,
"Calinski-Harabasz™ u "Davies-Bouldin  — HacCKonbKO KnacTepusauua
AEeNCTBUTENbHO yAauyHa.

- Hanbonee cTabunbHbiM M3 PACCMOTPEHHbIX BAapUAHTOB BbLIrNAAUT ~K-means , HO
B LeoOM BCe MeToAbl AawT cCKopee craboe, yem Xxopowee pasgeneHne 06bEKTOB.
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# NlabopaTopHas pab6boTa N4

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import matplotlib.cm as cm
import seaborn as sns

from sklearn.preprocessing import StandardScaler

from sklearn.decomposition import PCA

from sklearn.cluster import AffinityPropagation, KMeans, DBSCAN,

SpectralClustering

from sklearn.metrics import (silhouette_samples, silhouette_score,
adjusted_rand_score, v_measure_score,
calinski_harabasz_score,

davies bouldin_score)

[ ] nmnn

bepem yxe M3BECTHbIN HaM AaTaceT C BUHaAMWU

url = 'https://archive.ics.uci.edu/ml/machine-learning-databases/wine-
quality/winequality-red.csv'

df = pd.read_csv(url, sep=';")

df.head()

X = df.drop('quality', axis=1)
y = df['quality"']
real_k = len(y.unique())

plt.figure(figsize=(8, 5))

ax = sns.countplot(x=y, palette='viridis', hue=y, legend=False)

plt.title('PacnpeneneHne knaccos')

plt.xlabel('OueHka KauecTBa')

plt.ylabel('KonunuecTBo 3sk3emnnapos')

for p in ax.patches:
ax.annotate(f'{int(p.get_height())}', (p.get_x() + p.get_width() /
p.get_height()),




ha='center', va='center', xytext=(0, 5),
textcoords="offset points')
plt.show()

plt.figure(figsize=(10, 8))

sns.heatmap(X.corr(), annot=True, cmap='coolwarm', fmt=".2f")
plt.title('KoppenaunmoHHas maTpuua npusHaxkos')

plt.show()

## CTtaHpapTu3auma paTadpenma

scaler = StandardScaler()
X_scaled = scaler.fit_transform(X)

## PacueT rnaBHbIX KOMMNOHEHT M OT6OpP MO KpuTepuw Kansepa

pca_full = PCA().fit(X_scaled)

var = pca_full.explained_variance_

n = len(np.where(var > 1)[0])

print(f"Yncno rnaBHbIX KOMMOHEHT C CO6CTBEHHbIM 3HaueHuem > 1: {n}")

pca = PCA(n_components=n).fit(X_scaled)
X_pca = pca.transform(X_scaled)

[ ] nnn

## Affinity Propagation

ap = AffinityPropagation(random_state=42)

ap_labels = ap.fit_predict(X_pca)

ap_n_clusters = len(ap.cluster_centers_indices_)

print(f"4Yncno knactepos Affinity Propagation: {ap_n_clusters} (PeanbHoe:
{real k})")

plt.figure(figsize=(10, 7))

sns.scatterplot(
x=X_pcal:, 0],
y=X_pcal:, 1],
hue=ap_labels,
palette="turbo",
s=15,
alpha=0.5,
edgecolor=None,
legend=False

.scatter(
ap.cluster_centers_[:, 0],
ap.cluster_centers_[:, 11,
color="black',

marker="'+",

$=60,




linewidths=1,
label="'Cluster Centers',
zorder=10

)

plt.title("Affinity Propagation", fontsize=16, fontweight='light"')
plt.xlabel("PCA 1", fontsize=10, color='grey')
plt.ylabel("PCA 2", fontsize=10, color='grey')

plt.tick_params(axis='both', which="both', bottom=False, left=False,
labelbottom=False, labelleft=False)
plt.legend(frameon=False, loc='upper right', fontsize=10)

plt.tight_layout()
plt.show()

[ ] nnn

## MeTon cunysTa

def plot_silhouette_analysis(data, clusterer, n_clusters):
cluster_labels = clusterer.fit_predict(data)

mask = cluster labels != -1

clean_data = data[mask]

clean_labels = cluster_labels[mask]
unique_labels = np.unique(clean_labels)
n_clusters_real = len(unique_labels)

fig, ax = plt.subplots(1, 1, figsize=(10, 6))

silhouette_avg = silhouette_score(clean_data, clean_labels)

sample_silhouette_values = silhouette_samples(clean_data,
clean_labels)

y_lower = 10
for i, cluster_idx in enumerate(unique_labels):
ith_cluster_values = sample_silhouette_values[clean_labels ==
cluster_idx]
ith_cluster_values.sort()

size_cluster_i = ith_cluster_values.shape[0]
y_upper = y_lower + size_cluster_i

color = cm.nipy_spectral(float(i) / n_clusters_real)
ax.fill_betweenx(np.arange(y_lower, y_upper), 0,
ith_cluster values,
facecolor=color, edgecolor=color, alpha=0.7,
label=f'Knactep {i}"')

ax.text(-0.05, y_lower + 0.5 * size_cluster_i, str(cluster_idx))
y_lower = y_upper + 10

ax.set_title(f"Ananus cunysta ana {n_clusters} knacTtepos")




ax.set_xlabel("3HaueHune kKoapbhuuveHTa cunysta")
ax.set_ylabel("Homep knacTtepa")

ax.axvline(x=silhouette_avg, color="red", linestyle="--",
label=f'CpegHun: {silhouette_avg:.2f}")
ax.set_yticks([])

ax.legend(loc="upper left', bbox_to_anchor=(1.05, 1),
borderaxespad=0.)
plt.show()

def calculate_advanced_metrics(data, true_labels, predicted_labels,
model_name):
ari = adjusted_rand_score(true_labels, predicted_labels)
v_measure = v_measure_score(true_labels, predicted_labels)
ch_score = calinski_harabasz_score(data, predicted_labels)
db_score = davies_bouldin_score(data, predicted_labels)

print(f"--- [lononHutenbHole meTpuku ans {model_name} ---")
print(f"Adjusted Rand Index (ARI): {ari:.4f}")
print(f"V-Measure: {v_measure:.4f}")
print(f"Calinski-Harabasz Score: {ch_score:.4f}")
print(f"Davies-Bouldin Score: {db_score:.4f}")

"""##t Spectral Clustering"""

best_spectral_k = 2
best_spectral_score = -1

for k in range(2, 10):
labels = SpectralClustering(n_clusters=k, random_state=42,
assign_labels="'kmeans').fit_predict(X_pca)
score = silhouette_score(X_pca, labels)
if score > best_spectral_score:
best_spectral_score = score
best_spectral_k = k

print(f"OnTumanbHoe uucno knactepos Spectral Clustering no cunysTy:
{best_spectral_k}")

= SpectralClustering(n_clusters=best_spectral_k, random_state=42,
assign_labels="'kmeans')
plot_silhouette_analysis(X_pca, sc, best_spectral_k)

preds = sc.fit_predict(X_pca)
calculate_advanced_metrics(X_pca, y, preds, "Spectral Clustering")

nn Il## DBSCAN nun

scores = []
n_clusters 1list




eps_range = np.arange(0.3, 2.0, 0.1)

for eps in eps_range:
model = DBSCAN(eps=eps)
labels = model.fit_predict(X_pca)

n_clusters = len(set(labels)) - (1 if -1 in labels else 0)
if n_clusters > 1:
score = silhouette_score(X_pca, labels)
scores.append(score)
n_clusters_list.append(n_clusters)
else:
scores.append(0)
n_clusters_list.append(n_clusters)

fig, axl = plt.subplots(figsize=(8, 4))
axl.plot(eps_range, scores, 'r-')
axl.set_xlabel('Epsilon (eps)')
axl.set_ylabel('Silhouette Score', color='r")

ax2 = axl.twinx()
ax2.plot(eps_range, n_clusters_list, 'b--")
ax2.set_ylabel('Yucno knacrtepos', color='b"')

plt.title( 'DBSCAN: Silhouette vs Epsilon')
plt.show()

best_idx = np.argmax(scores)
best_dbscan_eps = eps_range[best_idx]
best _dbscan_clusters = n_clusters _list[best _idx]

db = DBSCAN(eps=best_dbscan_eps)
plot_silhouette_analysis(X_pca, db, best_dbscan_clusters)

preds = db.fit_predict(X_pca)
calculate_advanced_metrics(X_pca, y, preds, "DBSCAN")

[ ] nnn

## OuMHanbHOE CpaBHeHUE

kmeans_labels = KMeans(n_clusters=real Kk,
random_state=42).fit_predict(X_pca)

dbscan_labels = DBSCAN(eps=best_dbscan_eps).fit_predict(X_pca)
spectral_labels = SpectralClustering(n_clusters=best_spectral_k,
random_state=42, assign_labels="'kmeans').fit_predict(X_pca)

print(f"PeanbHoe uucno knacteposB: {real_k}")

print(f"K-Means: {len(set(kmeans_labels))}")

print(f"DBSCAN: {len(set(dbscan_labels)) - (1 if -1 in dbscan_labels
else 0)} (ucknwuaa wym)")

print(f"Spectral Clustering: {len(set(spectral_labels))}")




calculate_advanced_metrics(X_pca, vy, kmeans_labels, "KMeans")

fig, axes = plt.subplots(2, 2, figsize=(14, 10))
axes = axes.flatten()

titles = ['PeanbHble Knacch', 'lpeackasaHua K-Means', 'lpeackasaHua
DBSCAN', 'Mpeackasanua Spectral']
label_sets = [y, kmeans_labels, dbscan_labels, spectral_labels]

for i in range(4):

scatter = axes[i].scatter(X_pcal:, 0], X_pcal:, 1], c=label_sets[i],
cmap="'tab10', edgecolor='k', s=50)

axes[i].set_title(titles[i])

axes[i].set _xlabel("PCA 1")

axes[i].set_ylabel("PCA 2")

legend = axes[i].legend(*scatter.legend_elements(),
title="KnacTtepn", loc="best")
axes[i].add _artist(legend)

plt.tight_layout()
plt.show()




