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BBenenne

Ilenp paboThI

CdopmupoBaTh y ciyniaresieil KOMIIETEHIINE B 00JIaCTH MYJTbTHIIAPAMETPHIECKOTO PATHOMU-
YECKOTO aHAJIN3a OMyXOoJeil FOJIOBHOTO MO3Ta € HCIIOTb30BaHAEM JAHHBIX MAaTHUTHO-PE30HAHCHOMN
romorpadun (MPT) B pamkax crangapra BRATS, a takzke ocBOUTH METO/bI CPABHUTE/ b
HOT'O aHa/IM3a PAJUOMHUYCCKUX TPOMUIe MauenToB JJisd OIEHKH MeTepOreHHOCTH U arpec-
CUBHOCTH HOBOOOpA30BaHMIl.

3agaunm paboThI:

1. CpaBHUTL pacupejeeHue PaJIUOMETPUUYCCKEX IPU3HAKOB MEXKIAY YeThIPbMHI MOJA/lb-
woctamu MPT (T1, Tle, T2, FLAIR).

2. IlpoBecTn KOppEJAIMOHHBIH aHAII3 MKy MOJAJIbHOCTIMH.

3. Hoctpouth pagapuble IUArPAMMBbI PATUOMHYECKAX TTPOMUICH TAIMeHTOB.

4. Bemmoaauts PCA-ananu3 g1 CHUKeHHS Pa3MEePHOCTH JTAHHBIX.

5. OneHnTh BaXKHOCTH MPU3HAKOB I M HepeHupoBKr (HGEHOTHTIOB Oy XOJIH.

6. ChopmympoBaTh KJIMHUIECKAE BBIBOJIbI HA OCHOBE KOJIMYECTBEHHBIX PAIUOMUTECKUX

JaHHBIX.

Kananyeckuii KOHTEKCT

CoBpeMeHHast TUATHOCTHKA OTYXOJIell TOJIOBHOTO MO3Ta OCHOBAHA HA MCTOJL30BAHUU MY.Thb-
rurapamerpuaeckoit MPT (mpMRI), koropasi BK/Ito9aer 4eTsipe KJIYeBble MOIATBLHOCTH,
KasK1as U3 KOTOPHIX MPEJIOCTABJISIET YHUKAIHHYIO HHMOPMAIHIO O OHOJIOIHIeCKUX XapaKTe-
PUCTHUKAX HOBOOOPA30BAHUS.

Crangapr BRATS (Brain Tumor Segmentation):

o MexkmyHapOgHBIN CTAHIAPT I8 3a7@9 CeTMEHTAINN W aHAJIN3a OMyXoJeil Mo3Ta.
e Bxiiouaer mysbrunapamerpudeckue MPT-uccnenoBanusa ¢ skcneprHoii pa3mMeTKoil.
e Co/lepKUT YeThIpe KII0UeBbIX CyOperuoHa OmyXOJIu.

Kinunyeckass 3Ha4MMOCTb: PagumoMudecknii aHAJM3 MO3BOJISIET HE TOJBKO KOJIHYe-
CTBEHHO OXapaKTepHU30BaTh OMOJOTMIECKHEe CBOHCTBA OIYXOJIM, HO M HPOBECTH HEHHBA3ZUB-
Hyio auddepeHnHaIbHYI0 TUATHOCTHKY MEXKIY Pa3JIUIHBIMU (PeHOTHIAMHU HOBOOOPA30Ba-
HHUII TOJOBHOI'O MO3ra, 4TO UMe€€T BazKHO€ 3HaYCHUHE JAJIdA IIJIaHUPOBAHUA TaKTHUKHU JICUCHUA U
IMPOTHO3UPOBaHUA KJIMHUYECKNX HCXOJ0B.

MyasTunapamerpudeckaga MPT B HeiipoBusyajsusanun

T1-B3Bemenubie n3o6pakenusi (T1)

OT1obpakalT aHATOMUYECKYIO CTPYKTYpy Mosra. OmyxoseBas TKaHb OOBIYHO THIIOWHTEH-
CUBHA, YTO TO3BOJIAET BU3YAJU3UPOBATH OOIIHE KOHTYPbl 00pa30BaHUS.



T1 ¢ xouTpacTasiM ycuieHueMm (T1c)

KntoueBass Moja/ibHOCTD I ONEHKH TreMarodnnedagsndeckoro dapbepa. [lo3Bosisger Bbi-
SIBUTH 30HBI AKTUBHOTO POCTA OIYXOJIM, HEKPO3a U HEOAHTHOTeHe3a.

T2-B3Bernennbie n3o6paskenns (T2)

LIYBCTBI/ITeJII)HbI K COJepKaHUlO BOJAbI B TKaHAX. OHYXOJIeBaH TKaHb U HepI/ITYMOpaIIbHI)Iﬁ
OTEK BBITJIAAAT THIIEPUHTCHCUBHBIMU.

FLAIR

Moaudpukanusa T2, B kKoropoit curnas or cBOOOMHON KHUIKOCTH TojaB/sercd. [lo3Bosser
YETKO OT/IEJIUTH MEPUTYMOPAJILHBINA OTEK OT KEJIYI0YKOB MO3Ta.

Teoperunyeckas 4acThb

Crangapt BRATS u cybperuons! omyxoJjm

CyOpernoHsl omyxoJin:

e Hekporuueckoe sapo (NCR): 30ubl HeKpo3a 1 KpoBou3/msiauii. Mapkep BbICOKOI
ArpecCUBHOCTH.

e Oréunasa obaacte (ED): nepuryMopaibHBIil BA3OT€HHBIN OTEK.

e VcuwmBaomasicss onyxousb (ET): akTUBHO pacTylasi oIyXoJeBasi TKaHb ¢ Hapy-
menneMm ['96.

e O6was omyxous (WT): obbeunenne Becex TpEX 0bJgaCTeil.

Knaccudukaius pagpoMeTpudecKnx IIPU3HAKOB

l'eoMmeTpudyeckue mpmu3HaAKHN

Cdepuunocts (Shape Sphericity):

367V
= TE M

Huskas chepudnocTh yKa3biBaeT Ha WHMUIBTPATUBHBIN POCT.

CraTuCTUKU MIEPBOTO MOPAAKA

Cpe,I[HHSI NMHTEHCHUBHOCTL:

DHTpONN:

H == pi-log,(ps) (3)

Bricokast suTpomnus KOppeaupyeTr ¢ HEeKPOo30M U I'eTePOreHHOCTDIO.
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Texcrypusie npuznaku GLCM

Konrpacr:

Contrast =Y > |i — j|*- P(i, ) (4)
[

Koppensaius:

2 223 = i) (G — ) P(4, 5)

005

Correlation =

Kaunnndeckass MHTepIIpeTaIins

Tabauma 1: Kimmandeckasd HHTepHpeTanus PaJuoMHICCKUX ITPU3HAKOB

ITpuznak ‘ NuTepuperanusa

Buicokast sutponus B Tlc AKTUBHOE KOHTPACTHOE YCUJIEHWE, BBICOKAsI
CTeNeHb 3JI0Ka4eCTBEHHOCTHU

Beicokwuit KoHTpacT HeonmHOpoaHoCTh TKaHWM, HEKPOTHYECKHE 30-
HEBI

Bruicokast  aucrnepcus B | BoipakeHHbBIH mepuTyMOpaIbHbI OTEK

T2/FLAIR

Huskasa chepuanocts NubuapTpaTuBHBI pPOCT, XapaKTepeH /s

[JINODJIACTOMBI

IIpakTnyeckad 4yacTb

Data Loading

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.preprocessing import StandardScaler
from sklearn.decomposition import PCA

from sklearn.ensemble import RandomForestClassifier
import warnings

warnings.filterwarnings (’ignore’)

# Load data
df = pd.read_csv(’combined_multichannel_features.csv’)

# View data
print ("Patients:", df[’patient_id’].unique())
print ("Shape:", df.shape)

Modality Comparison

def plot_modality_comparison():

modalities = [’T1’, ’Tic’, ’T2’, ’FLAIR’]
features = [’firstorder_Mean’, ’firstorder_Entropy’,
’glcm_Contrast’, ’glcm_Correlation’]
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fig, axes = plt.subplots(2, 2, figsize=(14, 10))
axes = axes.flatten ()

for idx, feature in enumerate (features):
ax = axes[idx]
data = []

for mod in modalities:

col = mod + ’_’ + feature

if col in df.columns:

for patient in df[’patient_id’].unique():

val = df[df[’patient_id’] == patient][col].values[0]

data.append ({’modality’: mod, ’value’: val,
patient’: patient})

plot_df = pd.DataFrame (data)

sns.boxplot (data=plot_df, x=’modality’, y=’value’,
hue=’patient’, ax=ax)

ax.set_title(feature)

ax.legend (title=’Patient’)

plt.tight_layout ()
plt.savefig(’modality_comparison.png’, dpi=300)
plt.show ()

plot_modality_comparison ()

Correlation Analysis

def plot_correlation_matrix():

modalities = [’T1’, °Tic’, °’T2’, ’FLAIR’]
features = [’firstorder_Mean’, ’firstorder_Entropy’,
’glcm_Contrast’, ’glcm_Correlation’]

corr_dict = {}

for patient in df[’patient_id’].unique():
for feat in features:

for mod in modalities:

col = mod + ’_’ + feat

if col in df.columns:

val = df[df[’patient_id’] == patient][col].values [0]
if isinstance(val, (int, float)):

key = patient + ’_’ + mod + ’_’ + feat
corr_dict[key] = val

corr_data = []

for patient in df[’patient_id’].unique():

row = []

for mod in modalities:
for feat in features:
key = patient + ’_’ + mod + ’_’ + feat
row.append (corr_dict.get(key, np.nan))
corr_data.append(row)

cols = []

for m in modalities:

for f in features:
cols.append(m + ’_’° + f)
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corr_df = pd.DataFrame(corr_data, index=df[’patient_id’].unique(),

columns=cols)
corr_matrix = corr_df.T.corr ()

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

sns.heatmap (corr_matrix, annot=True, fmt=’.2f’, cmap=’coolwarm’,

square=True)

plt.title(’Correlation Matrix?’)
plt.tight_layout ()
plt.savefig(’correlation_matrix.png’, dpi=300)
plt.show ()

plot_correlation_matrix ()

Radar Chart

def plot_radar_chart():

radar_features = [
(’shape_Sphericity’, ’Sphericity’),
(’firstorder_Mean’, ’Mean’),
(’firstorder_Entropy’, ’Entropy’),
(’glcm_Contrast’, ’Contrast’),
(’glcm_Correlation’, ’Correlation’)
]

modalities = [’T1’, ’Tic’]

fig, axes = plt.subplots(l, 2, figsize=(14, 6),
subplot_kw=dict (polar=True))

for idx, mod in enumerate(modalities):
ax = axes[idx]

labels = []

pl_vals = []

p2_vals ]

for feat, label in radar_features:

col = mod + ’_’ + feat

if col in df.columns:

labels.append(label)

pl = df[df [’patient_id’] == ’BRATS_001’][col].values [0]
p2 df [df [’patient_id’] == ’BRATS_002’][col].values[0]
if isinstance(pl, (int, float)):

pl_vals.append(pl)

p2_vals.append (p2)

if pl_vals:

all_vals = pl_vals + p2_vals

if min(all_vals) != max(all_vals):

min_val = min(all_vals)

max_val = max(all_vals)

else:

min_val =

max_val = 1

pl_norm = [(v - min_val) / (max_val - min_val) for v in pl_vals]
p2_norm = [(v - min_val) / (max_val - min_val) for v in p2_vals]
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angles = np.linspace(0, 2*np.pi, len(labels), endpoint=False).

tolist ()
angles += angles/[:1]
pl_norm += pl_norm[:1]
p2_norm += p2_norml[:1]

ax.plot (angles, pl_norm, ’o-’, linewidth=2,
label="BRATS_001’, color=’#FF6B6B’)

ax.fill (angles, pl_norm, alpha=0.25, color=’#FF6B6B’)
ax.plot (angles, p2_norm, ’o-’, linewidth=2,
label="BRATS_002’, color=’#4ECDC4"’)

ax.fill (angles, p2_norm, alpha=0.25, color=’#4ECDC4’)
ax.set_xticks (angles[:-1])

ax.set_xticklabels (labels, size=10)

ax.set_ylim(0, 1)

ax.set_title(’Modality:,’ + mod)

ax.legend (loc=’upper right’, bbox_to_anchor=(1.3, 1.0))

plt.suptitle(’Patient Profiles_ Comparison’)
plt.tight_layout ()
plt.savefig(’radar_chart.png’, dpi=300)
plt.show ()

plot_radar_chart ()

PCA Analysis

def plot_pca_analysis():
patterns = [’firstorder’, ’glcm’, ’glrlm’, ’glszm’]
selected_cols = []

for pattern in patterns:

cols = [col for col in df.columns if pattern in col
and ’wavelet’ mnot in coll

selected_cols.extend (cols[:10])

X = df [selected_cols].select_dtypes (include=[np.number]).fillna (0)

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

pca = PCA(n_components=2)
X_pca = pca.fit_transform(X_scaled)

fig, axes = plt.subplots(l, 2, figsize=(14, 6))

axl = axes[0]

explained = pca.explained_variance_ratio_

cum_var = np.cumsum(explained)

axl.bar(range(1l, len(explained)+1), explained, alpha=0.7, label=’
Ind’)

axl.plot(range(l, len(explained)+1), cum_var, ’ro-’,

axl.set_xlabel (’Principal, Component’)
axl.set_ylabel (’Explained,Variance’)
axl.set_title(’Scree Plot?)
axl.legend ()

axl.grid(True, alpha=0.3)

ax2 = axes[1]
patients = df [’patient_id’].values

7

label=’Cum’)
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colors = {’BRATS_001’: ’#FF6B6B’, ’BRATS_002’: ’#4ECDC4°’}
for patient in df[’patient_id’].unique():

mask = (patients == patient)
ax2.scatter (X_pca[mask, 0], X_pcal[mask, 1] if X_pca.shape[1l] > 1
else O,

c=colors[patient], s=200, label=patient,
edgecolors=’black’, linewidth=2, alpha=0.8)

pcl_text = ’PC1,(’ + str(round(explained[0]*100, 1)) + %)’
pc2_text = ’PC2,(’ + str(round(explained[1]%100, 1)) + %)’
ax2.set_xlabel (pcl_text)

ax2.set_ylabel (pc2_text)

ax2.set_title(’PCA ,Projection’)

ax2.legend ()

ax2.grid (True, alpha=0.3)

plt.tight_layout ()
plt.savefig(’pca_analysis.png’, dpi=300)
plt.show ()

plot_pca_analysis ()

Feature Importance

def plot_feature_importance():

patterns = [’firstorder_Mean’, ’firstorder_Entropy’,
’glcm_Contrast’, ’glcm_Correlation’,
’glrlm_RunEntropy’, ’glszm_ZoneEntropy’]

selected_cols = []

for pattern in patterns:

cols = [col for col in df.columns if pattern in col
and ’wavelet’ mnot in coll

selected_cols.extend (cols[:4])

X = df [selected_cols].select_dtypes (include=[np.number]).fillna (0)
y = (df[’patient_id’] == ’BRATS_001’).astype(int)
rf = RandomForestClassifier (n_estimators=100, random_state=42)

rf.fit (X, y)

importance = pd.DataFrame ({
’feature’: selected_cols[:len(rf.feature_importances_)],
’importance’: rf.feature_importances_

}) .sort_values (’importance’, ascending=False)

plt.figure(figsize=(12, 8))
top_n = min(15, len(importance))

colors = []

for f in importance.head(top_n)[’feature’]:
if ’T1’ in f:

colors.append (’#FF6B6B’)

elif ’Tlc’ in f£f:

colors.append (’#FF9F43’)

elif ’T2? in f:

colors.append (’#4ECDC4’)

else:

colors.append (’#45B7D1°)
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sns.barplot (data=importance.head(top_n), x=’importance’, y

feature’,
palette=colors)
plt.title(’Feature Importance’)
plt.xlabel (’ Importance’)
plt.tight_layout ()
plt.savefig(’feature_importance.png’, dpi=300)
plt.show ()

print (importance.head (10))

plot_feature_importance ()

=)

Comprehensive Heatmap

def plot_comprehensive_heatmap():
key_features = [
’shape_Sphericity’,
firstorder_Mean’,
’firstorder_Entropy’,
firstorder_Variance’,
’glcm_Contrast’,
’glcm_Correlation’,
’glrlm_RunEntropy’,
’glszm_ZoneEntropy’

]

modalities = [’T1’, °Tic’, ’T2’, ’FLAIR’]

heatmap_data = []
row_labels = []

for patient in df[’patient_id’].unique():
for mod in modalities:

row_name = patient + ’_’ + mod
row_labels.append (row_name)

row_values = []

for feat in key_features:

col = mod + ’_’ + feat

if col in df.columns:

val = df[df[’patient_id’] == patient][col].values[0]
if isinstance(val, (int, float)):
row_values.append(val)

else:

row_values.append (0)

else:

row_values.append (0)
heatmap_data.append(row_values)

heatmap_df = pd.DataFrame(heatmap_data, index=row_labels,
columns=[f[:15] for f in key_features])

mean_vals = heatmap_df .mean(axis=1).values.reshape(-1, 1)
std_vals = heatmap_df.std(axis=1).values.reshape (-1, 1)
heatmap_norm = (heatmap_df - mean_vals) / std_vals
heatmap_norm = heatmap_norm.fillna (0)

plt.figure(figsize=(14, 6))

sns.heatmap (heatmap_norm, annot=True, fmt=’.2f’, cmap=’coolwarm’
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cbar_kws={’label’: ’Z-score’},
linewidths=0.5, linecolor=’white?)
plt.title(’Comprehensive Radiomic Analysis’)
plt.xlabel (’Features’)

plt.ylabel (’Patient/ Modality’)
plt.tight_layout ()
plt.savefig(’heatmap.png’, dpi=300)
plt.show ()

plot_comprehensive_heatmap ()

KarogeBbie BBIBOIBI

. Tlc mokazpiBaeT HAUOOIBIINYIO TETEPOTEHHOCTD OIYXOJIN.

. T2 u FLAIR orpakatT nepuTyMOpabHbIH OTEK.

. GLCM _Contrast w GLCM _Entropy mautosiee naHdOpMaATUBHBHI.
. Shape_Sphericity oTrpazaer arpecCuBHOCTH POCTA.

. BRATS 001 umeer Gosiee reTepOreHHYIO OMYXOJIb.

. BRATS 002 umeer 60/1ee KOMIAKTHYIO OMyXOJTh.

CBOAHaﬂﬂKHHHquCKaﬂﬂHHTepHpeTaHHﬂ
BRATS 001:

e DoJjiee rereporentasi CTpyKTypa OIYXOJIH.

e Bricokast suTponus u kourpact Ha T2/FLAIR.

o Tummuen mjag rano0IaCTOMEL.

BRATS 002:

e BoJiee BhICOKIE 3HAUEHUST KOPPESIINAH.

e OTHOCHTENHHO HU3KAST SHTPOIIHSI.

e XapakTepeH /I MeHee arPecCUBHBIX HOBOOOpA30BaHMIl.

BriBob1

. YCHeIHo BBITIOJIHEHO cpaBHeHue MmogaJsbHocTeit MPT.
. IlocTpoensl KOppeasiiIuOHHbIE MATPHIIHI.

. Co3manbl pajgapHble JHarPAMMBI.

. Beimonnen PCA-anasns.

. OnpeneneHbl BayKHERIHE TPU3HAKH.

. CdopmynupoBaHbl KIUHUIECKHE BBIBOJIBI.
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KOHTpOJIbeIe BOIIPOCHI

Teoperuvieckmit 6J10K

1. Obbgacuute pusndeckyio npupoay moaaabuocreir MPT.
2. Yro rakoe crapgapt BRATS?

3. Ilouemy TekcrypHbIe Npu3HaKH OoJsiee HHGOOPMATUBHbI !
4. Yrto o3navaer HU3Kas ChepUIHOCTD?

5. O0bsicaure mpuainn PCA.

IIpakTuyeckmii 6J10K

1. TIpoananuzupyiite pacupesnenenne saTporun 1151 BRATS 001.
2. Cpasuute KoHTpacT Ha T1lc a7 060X MAIMEHTOB.

3. IlocTpoiiTe KOPPEIdIUOHHYIO MATPHILY.

4. Onpenenure BaKHeiie TPU3HAKH.

5. Ilpejtozkure JIONOJIHUTE/IBHBIE MO/IAJIbHOCTH.

PedaexkcuBubrit 610k

1. C kakuMu TPYAHOCTSIMU BBl CTOJTKHYJIUCH?
2. Kak HaBBIKH PAIMOMUKHA MOT'YT OBITH IIPUMEHEHBI !

3. Kakwe sTnueckune acnekTbl HEOOXOINMO YIUTHIBATE?
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3. Menze, B. H. The Multimodal Brain Tumor Image Segmentation Benchmark. — 2015.
4. van Griethuysen, J. J. M. Computational Radiomics System. — 2017.
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ITpunoxxenne A. IloHBIN KOA CKPHOTA aHAJJIN3a

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.preprocessing import StandardScaler
from sklearn.decomposition import PCA

from sklearn.ensemble import RandomForestClassifier
from sklearn.model_selection import cross_val_score
import warnings

warnings.filterwarnings (’ignore’)

# 1. LOAD DATA

#

df = pd.read_csv(’combined_multichannel_features.csv’)
print ("Patients:", df[’patient_id’].unique())

print ("Shape:", df.shape)

#

# 2. MODALITY COMPARISON

def plot_modality_comparison():

modalities = [’T1’, ’Tic’, ’T2’, ’FLAIR’]
features = [’firstorder_Mean’, ’firstorder_Entropy’,
’glcm_Contrast’, ’glcm_Correlation’]

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

for idx, feature in enumerate (features):
ax = axes[idx]
data = []

for mod in modalities:

col = mod + ’_’ + feature

if col in df.columns:

for patient in df[’patient_id’].unique():

val = df[df[’patient_id’] == patient][col].values[0]

data.append ({’modality’: mod, ’value’: val,
’patient’: patientl})

plot_df = pd.DataFrame (data)

sns.boxplot (data=plot_df, x=’modality’, y=’value’,
hue=’patient’, ax=ax)

ax.set_title(feature)

ax.legend (title=’Patient’)

plt.tight_layout ()
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plt.savefig(’modality_comparison.png’, dpi=300)
plt.show ()

plot_modality_comparison ()

# 3. CORRELATION MATRIX

def plot_correlation_matrix():

modalities = [’T1’, ’Tic’, °’T2’, ’FLAIR’]
features = [’firstorder_Mean’, ’firstorder_Entropy’,
’glcm_Contrast’, ’glcm_Correlation’]

corr_dict = {}

for patient in df[’patient_id’].unique():
for feat in features:

for mod in modalities:

col = mod + ’_’ + feat

if col in df.columns:

val = df[df[’patient_id’] == patient][col].values[0]
if isinstance(val, (int, float)):

key = patient + ’_’ + mod + ’_’ + feat
corr_dict[key] = val

corr_data = []

for patient in df[’patient_id’].unique():

row = []

for mod in modalities:
for feat in features:
key = patient + ’_’ + mod + ’_’ + feat
row.append (corr_dict.get (key, np.nan))
corr_data.append(row)

cols = []
for m in modalities:
for f in features:

cols.append(m + ’_’ + f)

corr_df = pd.DataFrame(corr_data, index=df[’patient_id’].unique(),
columns=cols)

corr_matrix = corr_df.T.corr()

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

sns.heatmap (corr_matrix, annot=True, fmt=’.2f’, cmap=’coolwarm’,
square=True)

plt.title(’Correlation Matrix?’)

plt.tight_layout ()

plt.savefig(’correlation_matrix.png’, dpi=300)

plt.show ()

plot_correlation_matrix ()
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# 4. RADAR CHART

def plot_radar_chart():

radar_features = [

(’shape_Sphericity’, ’Sphericity’),
(’firstorder_Mean’, ’Mean’),
(’firstorder_Entropy’, ’Entropy’),
(’glcm_Contrast’, ’Contrast’),
(’glcm_Correlation’, ’Correlation’)

]

modalities = [’T1’, ’Tic’]

fig, axes = plt.subplots(l, 2, figsize=(14, 6),
subplot_kw=dict (polar=True))

for idx, mod in enumerate(modalities):

ax = axes[idx]

labels = []

pl_vals = []

p2_vals = []

for feat, label in radar_features:

col = mod + ’_7 + feat

if col in df.columns:

labels.append(label)

pl = df[df [’patient_id’] == ’BRATS_001’][col].values [0]

p2 = df[df [’patient_id’] =
if isinstance(pl, (int, float)):
pl_vals.append(pl)
p2_vals.append (p2)

= ?BRATS_002°][col].values [0]

if pl_vals:

all_vals = pl_vals + p2_vals

if min(all_vals) != max(all_vals):

min_val = min(all_vals)

max_val = max(all_vals)

else:

min_val =

max_val = 1

pl_norm = [(v - min_val) / (max_val - min_val) for v in pl_vals]
p2_norm = [(v - min_val) / (max_val - min_val) for v in p2_vals]

angles = np.linspace(0, 2*np.pi, len(labels), endpoint=False).

tolist ()
angles += angles[:1]
pl_norm += pl_norml[:1]
p2_norm += p2_norml[:1]

ax.plot (angles, pl_norm, ’o-’, linewidth=2,
label="BRATS_001’, color=’#FF6B6B’)

ax.fill (angles, pl_norm, alpha=0.25, color=’#FF6B6B’)

ax.plot (angles, p2_norm, ’o-’, linewidth=2,
label="BRATS_002’, color=’#4ECDC4’)

ax.fill (angles, p2_norm, alpha=0.25, color=’#4ECDC4’)

ax.set_xticks (angles[:-1])
ax.set_xticklabels (labels, size=10)
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ax.set_ylim(0, 1)
ax.set_title(’Modality:,’ + mod)
ax.legend (loc=’upper right’, bbox_to_anchor=(1.3, 1.0))

plt.suptitle(’Patient Profiles Comparison’)
plt.tight_layout ()
plt.savefig(’radar_chart.png’, dpi=300)
plt.show ()

plot_radar_chart ()

# 5. PCA ANALYSIS

def plot_pca_analysis():
patterns = [’firstorder’, ’glcm’, ’glrlm’, ’glszm’]
selected_cols = []

for pattern in patterns:

cols = [col for col in df.columns if pattern in col
and ’wavelet’ not in coll

selected_cols.extend (cols[:10])

X = df [selected_cols].select_dtypes (include=[np.number]).fillna (0)
scaler = StandardScaler ()

X_scaled = scaler.fit_transform(X)

pca = PCA(n_components=2)
X_pca = pca.fit_transform(X_scaled)

fig, axes = plt.subplots(l, 2, figsize=(14, 6))

axl = axes[0]

explained = pca.explained_variance_ratio_

cum_var = np.cumsum(explained)

axl.bar(range(l, len(explained)+1l), explained, alpha=0.7, label=’
Ind?)

axl.plot(range(1l, len(explained)+1), cum_var, ’ro-’, label=’Cum’)

axl.set_xlabel (’Principal, Component’)
axl.set_ylabel (’Explained,Variance’)
axl.set_title(’Scree Plot?)
axl.legend ()

axl.grid(True, alpha=0.3)

ax2 = axes/[1]

patients = df[’patient_id’].values

colors = {’BRATS_001’: ’#FF6B6B’, ’BRATS_002’: ’#4ECDC4’}

for patient in df[’patient_id’].unique():

mask = (patients == patient)

ax2.scatter (X_pcal[mask, 0], X_pcalmask, 1] if X_pca.shape[1] > 1
else O,

c=colors[patient], s=200, label=patient,

edgecolors=’black’, linewidth=2, alpha=0.8)

pcl_text = PC1,(’ + str(round(explained[0]*100, 1)) + %)’
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pc2_text = ’PC2,(’ + str(round(explained[1]*100, 1)) + %)’
ax2.set_xlabel (pcl_text)

ax2.set_ylabel (pc2_text)

ax2.set_title(’PCA, Projection’)

ax2.legend ()

ax2.grid (True, alpha=0.3)

plt.tight_layout ()
plt.savefig(’pca_analysis.png’, dpi=300)
plt.show ()

plot_pca_analysis ()

# 6. FEATURE IMPORTANCE

def plot_feature_importance():

patterns = [’firstorder_Mean’, ’firstorder_Entropy’,
’glcm_Contrast’, ’glcm_Correlation’,
’glrlm_RunEntropy’, ’glszm_ZoneEntropy’]

selected_cols = []

for pattern in patterns:

cols = [col for col in df.columns if pattern in col
and ’wavelet’ mnot in coll

selected_cols.extend (cols[:4])

X = df[selected_cols].select_dtypes(include=[np.number]).fillna(0)
y = (df[’patient_id’] == ’BRATS_001’).astype(int)
rf = RandomForestClassifier(n_estimators=100, random_state=42)

rf.fit (X, y)

importance = pd.DataFrame ({
’feature’: selected_cols[:len(rf.feature_importances_)],
’importance’: rf.feature_importances_

}) .sort_values (’importance’, ascending=False)

plt.figure(figsize=(12, 8))
top_n = min(15, len(importance))

colors = []

for f in importance.head(top_n)[’feature’]:
if °T1’ in f£:

colors.append (’#FF6B6B’)

elif ’Tlc’ in f:

colors.append (’#FF9F437)

elif ’T2’ in f£f:

colors.append (’#4ECDC4’)

else:

colors.append (’#45B7D17)

sns.barplot (data=importance.head(top_n), x=’importance’, y=’

feature’,
palette=colors)
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plt.title(’Feature Importance’)
plt.xlabel (’ Importance’)

plt.tight_layout ()
plt.savefig(’feature_importance.png’, dpi=300)
plt.show ()

print (importance.head (10))

plot_feature_importance ()

# 7. COMPREHENSIVE HEATMAP

def plot_comprehensive_heatmap():
key_features = [
’shape_Sphericity’,
>firstorder_Mean’,
’firstorder_Entropy’,
firstorder_Variance’,
’glcm_Contrast’,
’glcm_Correlation’,
’glrlm_RunEntropy’,
’glszm_ZoneEntropy’

]

modalities = [’T1’, ’Tic’, ’T2’, ’FLAIR’]

heatmap_data = []
row_labels = []

for patient in df[’patient_id’].unique():
for mod in modalities:

row_name = patient + ’_’ + mod
row_labels.append (row_name)

row_values = []

for feat in key_features:

col = mod + ’_’ + feat

if col in df.columns:

val = df[df [’patient_id’] == patient][col].values[0]
if isinstance(val, (int, float)):
row_values.append(val)

else:

row_values.append (0)

else:

row_values.append (0)
heatmap_data.append(row_values)

heatmap_df = pd.DataFrame (heatmap_data, index=row_labels,
columns=[f[:15] for f in key_features])

mean_vals = heatmap_df.mean(axis=1).values.reshape(-1, 1)
std_vals = heatmap_df.std(axis=1).values.reshape(-1, 1)
heatmap_norm = (heatmap_df - mean_vals) / std_vals

heatmap_norm = heatmap_norm.fillna (0)

plt.figure(figsize=(14, 6))
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sns.heatmap (heatmap_norm,
cbar_kws={’label’:
linewidths=0.5,

plt.
plt.
plt.
plt.
plt.
plt.

’>Z-score’},
linecolor=’white’)
title(’Comprehensive Radiomic Analysis’)
xlabel (’Features’)

ylabel (’Patient/ Modality’)
tight_layout ()
savefig(’heatmap.png’,
show ()

dpi=300)

plot_comprehensive_heatmap ()

annot=True,

fmt=’.2f7,

print ("\nAnalysis_completed successfully!")

cmap=’coolwarm’,

IIpunoxenne b. CBoanas Tabanmna pe3yabTaTOB

Tabauma 2: CpaBHeHWE KJIIOYEBBIX IPU3HAKOB

IIpusnak ‘ ITamuenT T1 ‘ Tlc ‘ T2 ‘ FLAIR ‘ Cpeanee
Entropy BRATS 001 | 3.72| 4.15| 3.98 4.34 4.05
Entropy BRATS 002 | 3.45| 3.88| 3.67 4.12 3.78
Contrast BRATS 001 | 245.6 | 312.4 | 278.9 298.7 283.9
Contrast BRATS 002 | 198.3 | 256.7 | 223.4 245.6 231.0
Correlation | BRATS 001 | 0.85| 0.82| 0.87 0.84 0.85
Correlation | BRATS 002 | 091 | 0.88 | 0.92 0.89 0.90
Sphericity | BRATS 001 | 0.42 | 0.45| 0.40 0.43 0.43
Sphericity | BRATS 002 | 0.58 | 0.62 | 0.55 0.60 0.59
Tabauna 3: Knunnueckas nnrepnperanus

ITapamerp | BRATS 001 | BRATS 002

DHTponud Bruicokas Huskas

Konrpacr Bricoknii Huzknii

Koppensius Huzkas Bricokas

Cdepuanoctn Huzkast Bricokast

PenoTnn ArpeccuBHbrit Hearpeccupnbriii
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