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Ââåäåíèå

Öåëü ðàáîòû

Ñôîðìèðîâàòü ó ñëóøàòåëåé êîìïåòåíöèè â îáëàñòè ìóëüòèïàðàìåòðè÷åñêîãî ðàäèîìè-
÷åñêîãî àíàëèçà îïóõîëåé ãîëîâíîãî ìîçãà ñ èñïîëüçîâàíèåì äàííûõ ìàãíèòíî-ðåçîíàíñíîé
òîìîãðàôèè (ÌÐÒ) â ðàìêàõ ñòàíäàðòà BRATS, à òàêæå îñâîèòü ìåòîäû ñðàâíèòåëü-
íîãî àíàëèçà ðàäèîìè÷åñêèõ ïðîôèëåé ïàöèåíòîâ äëÿ îöåíêè ãåòåðîãåííîñòè è àãðåñ-
ñèâíîñòè íîâîîáðàçîâàíèé.

Çàäà÷è ðàáîòû:

1. Ñðàâíèòü ðàñïðåäåëåíèå ðàäèîìåòðè÷åñêèõ ïðèçíàêîâ ìåæäó ÷åòûðüìÿ ìîäàëü-
íîñòÿìè ÌÐÒ (T1, T1c, T2, FLAIR).

2. Ïðîâåñòè êîððåëÿöèîííûé àíàëèç ìåæäó ìîäàëüíîñòÿìè.

3. Ïîñòðîèòü ðàäàðíûå äèàãðàììû ðàäèîìè÷åñêèõ ïðîôèëåé ïàöèåíòîâ.

4. Âûïîëíèòü PCA-àíàëèç äëÿ ñíèæåíèÿ ðàçìåðíîñòè äàííûõ.

5. Îöåíèòü âàæíîñòü ïðèçíàêîâ äëÿ äèôôåðåíöèðîâêè ôåíîòèïîâ îïóõîëè.

6. Ñôîðìóëèðîâàòü êëèíè÷åñêèå âûâîäû íà îñíîâå êîëè÷åñòâåííûõ ðàäèîìè÷åñêèõ
äàííûõ.

Êëèíè÷åñêèé êîíòåêñò

Ñîâðåìåííàÿ äèàãíîñòèêà îïóõîëåé ãîëîâíîãî ìîçãà îñíîâàíà íà èñïîëüçîâàíèè ìóëü-
òèïàðàìåòðè÷åñêîé ÌÐÒ (mpMRI), êîòîðàÿ âêëþ÷àåò ÷åòûðå êëþ÷åâûå ìîäàëüíîñòè,
êàæäàÿ èç êîòîðûõ ïðåäîñòàâëÿåò óíèêàëüíóþ èíôîðìàöèþ î áèîëîãè÷åñêèõ õàðàêòå-
ðèñòèêàõ íîâîîáðàçîâàíèÿ.

Ñòàíäàðò BRATS (Brain Tumor Segmentation):

� Ìåæäóíàðîäíûé ñòàíäàðò äëÿ çàäà÷ ñåãìåíòàöèè è àíàëèçà îïóõîëåé ìîçãà.

� Âêëþ÷àåò ìóëüòèïàðàìåòðè÷åñêèå ÌÐÒ-èññëåäîâàíèÿ ñ ýêñïåðòíîé ðàçìåòêîé.

� Ñîäåðæèò ÷åòûðå êëþ÷åâûõ ñóáðåãèîíà îïóõîëè.

Êëèíè÷åñêàÿ çíà÷èìîñòü: Ðàäèîìè÷åñêèé àíàëèç ïîçâîëÿåò íå òîëüêî êîëè÷å-
ñòâåííî îõàðàêòåðèçîâàòü áèîëîãè÷åñêèå ñâîéñòâà îïóõîëè, íî è ïðîâåñòè íåèíâàçèâ-
íóþ äèôôåðåíöèàëüíóþ äèàãíîñòèêó ìåæäó ðàçëè÷íûìè ôåíîòèïàìè íîâîîáðàçîâà-
íèé ãîëîâíîãî ìîçãà, ÷òî èìååò âàæíîå çíà÷åíèå äëÿ ïëàíèðîâàíèÿ òàêòèêè ëå÷åíèÿ è
ïðîãíîçèðîâàíèÿ êëèíè÷åñêèõ èñõîäîâ.

Ìóëüòèïàðàìåòðè÷åñêàÿ ÌÐÒ â íåéðîâèçóàëèçàöèè

T1-âçâåøåííûå èçîáðàæåíèÿ (T1)

Îòîáðàæàþò àíàòîìè÷åñêóþ ñòðóêòóðó ìîçãà. Îïóõîëåâàÿ òêàíü îáû÷íî ãèïîèíòåí-
ñèâíà, ÷òî ïîçâîëÿåò âèçóàëèçèðîâàòü îáùèå êîíòóðû îáðàçîâàíèÿ.
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T1 ñ êîíòðàñòíûì óñèëåíèåì (T1c)

Êëþ÷åâàÿ ìîäàëüíîñòü äëÿ îöåíêè ãåìàòîýíöåôàëè÷åñêîãî áàðüåðà. Ïîçâîëÿåò âû-
ÿâèòü çîíû àêòèâíîãî ðîñòà îïóõîëè, íåêðîçà è íåîàíãèîãåíåçà.

T2-âçâåøåííûå èçîáðàæåíèÿ (T2)

×óâñòâèòåëüíû ê ñîäåðæàíèþ âîäû â òêàíÿõ. Îïóõîëåâàÿ òêàíü è ïåðèòóìîðàëüíûé
îò¼ê âûãëÿäÿò ãèïåðèíòåíñèâíûìè.

FLAIR

Ìîäèôèêàöèÿ T2, â êîòîðîé ñèãíàë îò ñâîáîäíîé æèäêîñòè ïîäàâëÿåòñÿ. Ïîçâîëÿåò
÷¼òêî îòäåëèòü ïåðèòóìîðàëüíûé îò¼ê îò æåëóäî÷êîâ ìîçãà.

Òåîðåòè÷åñêàÿ ÷àñòü

Ñòàíäàðò BRATS è ñóáðåãèîíû îïóõîëè

Ñóáðåãèîíû îïóõîëè:

� Íåêðîòè÷åñêîå ÿäðî (NCR): çîíû íåêðîçà è êðîâîèçëèÿíèé. Ìàðêåð âûñîêîé
àãðåññèâíîñòè.

� Îò¼÷íàÿ îáëàñòü (ED): ïåðèòóìîðàëüíûé âàçîãåííûé îò¼ê.

� Óñèëèâàþùàÿñÿ îïóõîëü (ET): àêòèâíî ðàñòóùàÿ îïóõîëåâàÿ òêàíü ñ íàðó-
øåíèåì ÃÝÁ.

� Îáùàÿ îïóõîëü (WT): îáúåäèíåíèå âñåõ òð¼õ îáëàñòåé.

Êëàññèôèêàöèÿ ðàäèîìåòðè÷åñêèõ ïðèçíàêîâ

Ãåîìåòðè÷åñêèå ïðèçíàêè

Ñôåðè÷íîñòü (Shape_Sphericity):

S =
36πV 2

A3
(1)

Íèçêàÿ ñôåðè÷íîñòü óêàçûâàåò íà èíôèëüòðàòèâíûé ðîñò.

Ñòàòèñòèêè ïåðâîãî ïîðÿäêà

Ñðåäíÿÿ èíòåíñèâíîñòü:

µ =
1

N

N∑
i=1

Xi (2)

Ýíòðîïèÿ:

H = −
∑
k

pk · log2(pk) (3)

Âûñîêàÿ ýíòðîïèÿ êîððåëèðóåò ñ íåêðîçîì è ãåòåðîãåííîñòüþ.
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Òåêñòóðíûå ïðèçíàêè GLCM

Êîíòðàñò:

Contrast =
∑
i

∑
j

|i− j|2 · P (i, j) (4)

Êîððåëÿöèÿ:

Correlation =

∑
i

∑
j(i− µi)(j − µj)P (i, j)

σiσj

(5)

Êëèíè÷åñêàÿ èíòåðïðåòàöèÿ

Òàáëèöà 1: Êëèíè÷åñêàÿ èíòåðïðåòàöèÿ ðàäèîìè÷åñêèõ ïðèçíàêîâ

Ïðèçíàê Èíòåðïðåòàöèÿ

Âûñîêàÿ ýíòðîïèÿ â T1c Àêòèâíîå êîíòðàñòíîå óñèëåíèå, âûñîêàÿ
ñòåïåíü çëîêà÷åñòâåííîñòè

Âûñîêèé êîíòðàñò Íåîäíîðîäíîñòü òêàíè, íåêðîòè÷åñêèå çî-
íû

Âûñîêàÿ äèñïåðñèÿ â
T2/FLAIR

Âûðàæåííûé ïåðèòóìîðàëüíûé îò¼ê

Íèçêàÿ ñôåðè÷íîñòü Èíôèëüòðàòèâíûé ðîñò, õàðàêòåðåí äëÿ
ãëèîáëàñòîìû

Ïðàêòè÷åñêàÿ ÷àñòü

Data Loading

1 import pandas as pd

2 import numpy as np

3 import matplotlib.pyplot as plt

4 import seaborn as sns

5 from sklearn.preprocessing import StandardScaler

6 from sklearn.decomposition import PCA

7 from sklearn.ensemble import RandomForestClassifier

8 import warnings

9 warnings.filterwarnings('ignore ')

10

11 # Load data

12 df = pd.read_csv('combined_multichannel_features.csv')

13

14 # View data

15 print("Patients:", df['patient_id ']. unique ())

16 print("Shape:", df.shape)

Modality Comparison

1 def plot_modality_comparison ():

2 modalities = ['T1', 'T1c', 'T2', 'FLAIR ']

3 features = ['firstorder_Mean ', 'firstorder_Entropy ',

4 'glcm_Contrast ', 'glcm_Correlation ']
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5

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

7 axes = axes.flatten ()

8

9 for idx , feature in enumerate(features):

10 ax = axes[idx]

11 data = []

12

13 for mod in modalities:

14 col = mod + '_' + feature

15 if col in df.columns:

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

17 val = df[df['patient_id '] == patient ][col]. values [0]

18 data.append ({'modality ': mod , 'value ': val ,

19 'patient ': patient })

20

21 plot_df = pd.DataFrame(data)

22 sns.boxplot(data=plot_df , x='modality ', y='value',

23 hue='patient ', ax=ax)

24 ax.set_title(feature)

25 ax.legend(title='Patient ')

26

27 plt.tight_layout ()

28 plt.savefig('modality_comparison.png', dpi =300)

29 plt.show()

30

31 plot_modality_comparison ()

Correlation Analysis

1 def plot_correlation_matrix ():

2 modalities = ['T1', 'T1c', 'T2', 'FLAIR ']

3 features = ['firstorder_Mean ', 'firstorder_Entropy ',

4 'glcm_Contrast ', 'glcm_Correlation ']

5

6 corr_dict = {}

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

8 for feat in features:

9 for mod in modalities:

10 col = mod + '_' + feat

11 if col in df.columns:

12 val = df[df['patient_id '] == patient ][col]. values [0]

13 if isinstance(val , (int , float)):

14 key = patient + '_' + mod + '_' + feat

15 corr_dict[key] = val

16

17 corr_data = []

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

19 row = []

20 for mod in modalities:

21 for feat in features:

22 key = patient + '_' + mod + '_' + feat

23 row.append(corr_dict.get(key , np.nan))

24 corr_data.append(row)

25

26 cols = []

27 for m in modalities:

28 for f in features:

29 cols.append(m + '_' + f)
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30

31 corr_df = pd.DataFrame(corr_data , index=df['patient_id ']. unique (),

32 columns=cols)

33 corr_matrix = corr_df.T.corr()

34

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

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

37 square=True)

38 plt.title('Correlation Matrix ')

39 plt.tight_layout ()

40 plt.savefig('correlation_matrix.png', dpi =300)

41 plt.show()

42

43 plot_correlation_matrix ()

Radar Chart

1 def plot_radar_chart ():

2 radar_features = [

3 ('shape_Sphericity ', 'Sphericity '),

4 ('firstorder_Mean ', 'Mean'),

5 ('firstorder_Entropy ', 'Entropy '),

6 ('glcm_Contrast ', 'Contrast '),

7 ('glcm_Correlation ', 'Correlation ')

8 ]

9

10 modalities = ['T1', 'T1c']

11 fig , axes = plt.subplots(1, 2, figsize =(14, 6),

12 subplot_kw=dict(polar=True))

13

14 for idx , mod in enumerate(modalities):

15 ax = axes[idx]

16 labels = []

17 p1_vals = []

18 p2_vals = []

19

20 for feat , label in radar_features:

21 col = mod + '_' + feat

22 if col in df.columns:

23 labels.append(label)

24 p1 = df[df['patient_id '] == 'BRATS_001 '][col]. values [0]

25 p2 = df[df['patient_id '] == 'BRATS_002 '][col]. values [0]

26 if isinstance(p1 , (int , float)):

27 p1_vals.append(p1)

28 p2_vals.append(p2)

29

30 if p1_vals:

31 all_vals = p1_vals + p2_vals

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

33 min_val = min(all_vals)

34 max_val = max(all_vals)

35 else:

36 min_val = 0

37 max_val = 1

38

39 p1_norm = [(v - min_val) / (max_val - min_val) for v in p1_vals]

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

41
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42 angles = np.linspace(0, 2*np.pi , len(labels), endpoint=False).

tolist ()

43 angles += angles [:1]

44 p1_norm += p1_norm [:1]

45 p2_norm += p2_norm [:1]

46

47 ax.plot(angles , p1_norm , 'o-', linewidth =2,

48 label='BRATS_001 ', color='#FF6B6B ')

49 ax.fill(angles , p1_norm , alpha =0.25 , color='#FF6B6B ')

50 ax.plot(angles , p2_norm , 'o-', linewidth =2,

51 label='BRATS_002 ', color='#4 ECDC4')

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

53 ax.set_xticks(angles [: -1])

54 ax.set_xticklabels(labels , size =10)

55 ax.set_ylim(0, 1)

56 ax.set_title('Modality: ' + mod)

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

58

59 plt.suptitle('Patient Profiles Comparison ')

60 plt.tight_layout ()

61 plt.savefig('radar_chart.png', dpi =300)

62 plt.show()

63

64 plot_radar_chart ()

PCA Analysis

1 def plot_pca_analysis ():

2 patterns = ['firstorder ', 'glcm', 'glrlm', 'glszm']

3 selected_cols = []

4

5 for pattern in patterns:

6 cols = [col for col in df.columns if pattern in col

7 and 'wavelet ' not in col]

8 selected_cols.extend(cols [:10])

9

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

11 scaler = StandardScaler ()

12 X_scaled = scaler.fit_transform(X)

13

14 pca = PCA(n_components =2)

15 X_pca = pca.fit_transform(X_scaled)

16

17 fig , axes = plt.subplots(1, 2, figsize =(14, 6))

18

19 ax1 = axes [0]

20 explained = pca.explained_variance_ratio_

21 cum_var = np.cumsum(explained)

22 ax1.bar(range(1, len(explained)+1), explained , alpha =0.7, label='

Ind')

23 ax1.plot(range(1, len(explained)+1), cum_var , 'ro -', label='Cum')

24 ax1.set_xlabel('Principal Component ')

25 ax1.set_ylabel('Explained Variance ')

26 ax1.set_title('Scree Plot')

27 ax1.legend ()

28 ax1.grid(True , alpha =0.3)

29

30 ax2 = axes [1]

31 patients = df['patient_id ']. values
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32 colors = {'BRATS_001 ': '#FF6B6B ', 'BRATS_002 ': '#4ECDC4 '}

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

34 mask = (patients == patient)

35 ax2.scatter(X_pca[mask , 0], X_pca[mask , 1] if X_pca.shape [1] > 1

else 0,

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

37 edgecolors='black', linewidth=2, alpha =0.8)

38

39 pc1_text = 'PC1 (' + str(round(explained [0]*100 , 1)) + '%)'

40 pc2_text = 'PC2 (' + str(round(explained [1]*100 , 1)) + '%)'

41 ax2.set_xlabel(pc1_text)

42 ax2.set_ylabel(pc2_text)

43 ax2.set_title('PCA Projection ')

44 ax2.legend ()

45 ax2.grid(True , alpha =0.3)

46

47 plt.tight_layout ()

48 plt.savefig('pca_analysis.png', dpi =300)

49 plt.show()

50

51 plot_pca_analysis ()

Feature Importance

1 def plot_feature_importance ():

2 patterns = ['firstorder_Mean ', 'firstorder_Entropy ',

3 'glcm_Contrast ', 'glcm_Correlation ',

4 'glrlm_RunEntropy ', 'glszm_ZoneEntropy ']

5

6 selected_cols = []

7 for pattern in patterns:

8 cols = [col for col in df.columns if pattern in col

9 and 'wavelet ' not in col]

10 selected_cols.extend(cols [:4])

11

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

13 y = (df['patient_id '] == 'BRATS_001 ').astype(int)

14

15 rf = RandomForestClassifier(n_estimators =100, random_state =42)

16 rf.fit(X, y)

17

18 importance = pd.DataFrame ({

19 'feature ': selected_cols [:len(rf.feature_importances_)],

20 'importance ': rf.feature_importances_

21 }).sort_values('importance ', ascending=False)

22

23 plt.figure(figsize =(12, 8))

24 top_n = min(15, len(importance))

25

26 colors = []

27 for f in importance.head(top_n)['feature ']:

28 if 'T1' in f:

29 colors.append('#FF6B6B ')

30 elif 'T1c' in f:

31 colors.append('#FF9F43 ')

32 elif 'T2' in f:

33 colors.append('#4 ECDC4 ')

34 else:

35 colors.append('#45 B7D1')
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36

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

feature ',

38 palette=colors)

39 plt.title('Feature Importance ')

40 plt.xlabel('Importance ')

41 plt.tight_layout ()

42 plt.savefig('feature_importance.png', dpi =300)

43 plt.show()

44

45 print(importance.head (10))

46

47 plot_feature_importance ()

Comprehensive Heatmap

1 def plot_comprehensive_heatmap ():

2 key_features = [

3 'shape_Sphericity ',

4 'firstorder_Mean ',

5 'firstorder_Entropy ',

6 'firstorder_Variance ',

7 'glcm_Contrast ',

8 'glcm_Correlation ',

9 'glrlm_RunEntropy ',

10 'glszm_ZoneEntropy '

11 ]

12 modalities = ['T1', 'T1c', 'T2', 'FLAIR ']

13

14 heatmap_data = []

15 row_labels = []

16

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

18 for mod in modalities:

19 row_name = patient + '_' + mod

20 row_labels.append(row_name)

21 row_values = []

22 for feat in key_features:

23 col = mod + '_' + feat

24 if col in df.columns:

25 val = df[df['patient_id '] == patient ][col]. values [0]

26 if isinstance(val , (int , float)):

27 row_values.append(val)

28 else:

29 row_values.append (0)

30 else:

31 row_values.append (0)

32 heatmap_data.append(row_values)

33

34 heatmap_df = pd.DataFrame(heatmap_data , index=row_labels ,

35 columns =[f[:15] for f in key_features ])

36

37 mean_vals = heatmap_df.mean(axis =1).values.reshape(-1, 1)

38 std_vals = heatmap_df.std(axis =1).values.reshape(-1, 1)

39 heatmap_norm = (heatmap_df - mean_vals) / std_vals

40 heatmap_norm = heatmap_norm.fillna (0)

41

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

43 sns.heatmap(heatmap_norm , annot=True , fmt='.2f', cmap='coolwarm ',
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44 cbar_kws ={'label': 'Z-score'},

45 linewidths =0.5, linecolor='white')

46 plt.title('Comprehensive Radiomic Analysis ')

47 plt.xlabel('Features ')

48 plt.ylabel('Patient / Modality ')

49 plt.tight_layout ()

50 plt.savefig('heatmap.png', dpi =300)

51 plt.show()

52

53 plot_comprehensive_heatmap ()

Êëþ÷åâûå âûâîäû

1. T1c ïîêàçûâàåò íàèáîëüøóþ ãåòåðîãåííîñòü îïóõîëè.

2. T2 è FLAIR îòðàæàþò ïåðèòóìîðàëüíûé îò¼ê.

3. GLCM_Contrast è GLCM_Entropy íàèáîëåå èíôîðìàòèâíû.

4. Shape_Sphericity îòðàæàåò àãðåññèâíîñòü ðîñòà.

5. BRATS_001 èìååò áîëåå ãåòåðîãåííóþ îïóõîëü.

6. BRATS_002 èìååò áîëåå êîìïàêòíóþ îïóõîëü.

Ñâîäíàÿ êëèíè÷åñêàÿ èíòåðïðåòàöèÿ

BRATS_001:

� Áîëåå ãåòåðîãåííàÿ ñòðóêòóðà îïóõîëè.

� Âûñîêàÿ ýíòðîïèÿ è êîíòðàñò íà T2/FLAIR.

� Òèïè÷åí äëÿ ãëèîáëàñòîìû.

BRATS_002:

� Áîëåå âûñîêèå çíà÷åíèÿ êîððåëÿöèè.

� Îòíîñèòåëüíî íèçêàÿ ýíòðîïèÿ.

� Õàðàêòåðåí äëÿ ìåíåå àãðåññèâíûõ íîâîîáðàçîâàíèé.

Âûâîäû

1. Óñïåøíî âûïîëíåíî ñðàâíåíèå ìîäàëüíîñòåé ÌÐÒ.

2. Ïîñòðîåíû êîððåëÿöèîííûå ìàòðèöû.

3. Ñîçäàíû ðàäàðíûå äèàãðàììû.

4. Âûïîëíåí PCA-àíàëèç.

5. Îïðåäåëåíû âàæíåéøèå ïðèçíàêè.

6. Ñôîðìóëèðîâàíû êëèíè÷åñêèå âûâîäû.
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Êîíòðîëüíûå âîïðîñû

Òåîðåòè÷åñêèé áëîê

1. Îáúÿñíèòå ôèçè÷åñêóþ ïðèðîäó ìîäàëüíîñòåé ÌÐÒ.

2. ×òî òàêîå ñòàíäàðò BRATS?

3. Ïî÷åìó òåêñòóðíûå ïðèçíàêè áîëåå èíôîðìàòèâíû?

4. ×òî îçíà÷àåò íèçêàÿ ñôåðè÷íîñòü?

5. Îáúÿñíèòå ïðèíöèï PCA.

Ïðàêòè÷åñêèé áëîê

1. Ïðîàíàëèçèðóéòå ðàñïðåäåëåíèå ýíòðîïèè äëÿ BRATS_001.

2. Ñðàâíèòå êîíòðàñò íà T1c äëÿ îáîèõ ïàöèåíòîâ.

3. Ïîñòðîéòå êîððåëÿöèîííóþ ìàòðèöó.

4. Îïðåäåëèòå âàæíåéøèå ïðèçíàêè.

5. Ïðåäëîæèòå äîïîëíèòåëüíûå ìîäàëüíîñòè.

Ðåôëåêñèâíûé áëîê

1. Ñ êàêèìè òðóäíîñòÿìè âû ñòîëêíóëèñü?

2. Êàê íàâûêè ðàäèîìèêè ìîãóò áûòü ïðèìåíåíû?

3. Êàêèå ýòè÷åñêèå àñïåêòû íåîáõîäèìî ó÷èòûâàòü?

Ñïèñîê ëèòåðàòóðû

1. Bakas, S. Advancing The Cancer Genome Atlas glioma MRI collections. � 2017.

2. Lambin, P. Radiomics: the bridge between medical imaging and personalized medicine.
� 2017.

3. Menze, B. H. The Multimodal Brain Tumor Image Segmentation Benchmark. � 2015.

4. van Griethuysen, J. J. M. Computational Radiomics System. � 2017.

5. Âëàäçèìèðñêèé, À. Â. Êîìïüþòåðíîå çðåíèå â ëó÷åâîé äèàãíîñòèêå. � 2023.
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Ïðèëîæåíèå À. Ïîëíûé êîä ñêðèïòà àíàëèçà

1 import pandas as pd

2 import numpy as np

3 import matplotlib.pyplot as plt

4 import seaborn as sns

5 from sklearn.preprocessing import StandardScaler

6 from sklearn.decomposition import PCA

7 from sklearn.ensemble import RandomForestClassifier

8 from sklearn.model_selection import cross_val_score

9 import warnings

10 warnings.filterwarnings('ignore ')

11

12 #

============================================================================

13 # 1. LOAD DATA

14 #

============================================================================

15

16 df = pd.read_csv('combined_multichannel_features.csv')

17 print("Patients:", df['patient_id ']. unique ())

18 print("Shape:", df.shape)

19

20 #

============================================================================

21 # 2. MODALITY COMPARISON

22 #

============================================================================

23

24 def plot_modality_comparison ():

25 modalities = ['T1', 'T1c', 'T2', 'FLAIR ']

26 features = ['firstorder_Mean ', 'firstorder_Entropy ',

27 'glcm_Contrast ', 'glcm_Correlation ']

28

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

30 axes = axes.flatten ()

31

32 for idx , feature in enumerate(features):

33 ax = axes[idx]

34 data = []

35

36 for mod in modalities:

37 col = mod + '_' + feature

38 if col in df.columns:

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

40 val = df[df['patient_id '] == patient ][col]. values [0]

41 data.append ({'modality ': mod , 'value ': val ,

42 'patient ': patient })

43

44 plot_df = pd.DataFrame(data)

45 sns.boxplot(data=plot_df , x='modality ', y='value',

46 hue='patient ', ax=ax)

47 ax.set_title(feature)

48 ax.legend(title='Patient ')

49

50 plt.tight_layout ()
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51 plt.savefig('modality_comparison.png', dpi =300)

52 plt.show()

53

54 plot_modality_comparison ()

55

56 #

============================================================================

57 # 3. CORRELATION MATRIX

58 #

============================================================================

59

60 def plot_correlation_matrix ():

61 modalities = ['T1', 'T1c', 'T2', 'FLAIR ']

62 features = ['firstorder_Mean ', 'firstorder_Entropy ',

63 'glcm_Contrast ', 'glcm_Correlation ']

64

65 corr_dict = {}

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

67 for feat in features:

68 for mod in modalities:

69 col = mod + '_' + feat

70 if col in df.columns:

71 val = df[df['patient_id '] == patient ][col]. values [0]

72 if isinstance(val , (int , float)):

73 key = patient + '_' + mod + '_' + feat

74 corr_dict[key] = val

75

76 corr_data = []

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

78 row = []

79 for mod in modalities:

80 for feat in features:

81 key = patient + '_' + mod + '_' + feat

82 row.append(corr_dict.get(key , np.nan))

83 corr_data.append(row)

84

85 cols = []

86 for m in modalities:

87 for f in features:

88 cols.append(m + '_' + f)

89

90 corr_df = pd.DataFrame(corr_data , index=df['patient_id ']. unique (),

91 columns=cols)

92 corr_matrix = corr_df.T.corr()

93

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

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

96 square=True)

97 plt.title('Correlation Matrix ')

98 plt.tight_layout ()

99 plt.savefig('correlation_matrix.png', dpi =300)

100 plt.show()

101

102 plot_correlation_matrix ()

103

104 #

============================================================================
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105 # 4. RADAR CHART

106 #

============================================================================

107

108 def plot_radar_chart ():

109 radar_features = [

110 ('shape_Sphericity ', 'Sphericity '),

111 ('firstorder_Mean ', 'Mean'),

112 ('firstorder_Entropy ', 'Entropy '),

113 ('glcm_Contrast ', 'Contrast '),

114 ('glcm_Correlation ', 'Correlation ')

115 ]

116

117 modalities = ['T1', 'T1c']

118 fig , axes = plt.subplots(1, 2, figsize =(14, 6),

119 subplot_kw=dict(polar=True))

120

121 for idx , mod in enumerate(modalities):

122 ax = axes[idx]

123 labels = []

124 p1_vals = []

125 p2_vals = []

126

127 for feat , label in radar_features:

128 col = mod + '_' + feat

129 if col in df.columns:

130 labels.append(label)

131 p1 = df[df['patient_id '] == 'BRATS_001 '][col]. values [0]

132 p2 = df[df['patient_id '] == 'BRATS_002 '][col]. values [0]

133 if isinstance(p1 , (int , float)):

134 p1_vals.append(p1)

135 p2_vals.append(p2)

136

137 if p1_vals:

138 all_vals = p1_vals + p2_vals

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

140 min_val = min(all_vals)

141 max_val = max(all_vals)

142 else:

143 min_val = 0

144 max_val = 1

145

146 p1_norm = [(v - min_val) / (max_val - min_val) for v in p1_vals]

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

148

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

tolist ()

150 angles += angles [:1]

151 p1_norm += p1_norm [:1]

152 p2_norm += p2_norm [:1]

153

154 ax.plot(angles , p1_norm , 'o-', linewidth =2,

155 label='BRATS_001 ', color='#FF6B6B ')

156 ax.fill(angles , p1_norm , alpha =0.25 , color='#FF6B6B ')

157 ax.plot(angles , p2_norm , 'o-', linewidth =2,

158 label='BRATS_002 ', color='#4 ECDC4')

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

160 ax.set_xticks(angles [: -1])

161 ax.set_xticklabels(labels , size =10)
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162 ax.set_ylim(0, 1)

163 ax.set_title('Modality: ' + mod)

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

165

166 plt.suptitle('Patient Profiles Comparison ')

167 plt.tight_layout ()

168 plt.savefig('radar_chart.png', dpi =300)

169 plt.show()

170

171 plot_radar_chart ()

172

173 #

============================================================================

174 # 5. PCA ANALYSIS

175 #

============================================================================

176

177 def plot_pca_analysis ():

178 patterns = ['firstorder ', 'glcm', 'glrlm', 'glszm']

179 selected_cols = []

180

181 for pattern in patterns:

182 cols = [col for col in df.columns if pattern in col

183 and 'wavelet ' not in col]

184 selected_cols.extend(cols [:10])

185

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

187 scaler = StandardScaler ()

188 X_scaled = scaler.fit_transform(X)

189

190 pca = PCA(n_components =2)

191 X_pca = pca.fit_transform(X_scaled)

192

193 fig , axes = plt.subplots(1, 2, figsize =(14, 6))

194

195 ax1 = axes [0]

196 explained = pca.explained_variance_ratio_

197 cum_var = np.cumsum(explained)

198 ax1.bar(range(1, len(explained)+1), explained , alpha =0.7, label='

Ind')

199 ax1.plot(range(1, len(explained)+1), cum_var , 'ro -', label='Cum')

200 ax1.set_xlabel('Principal Component ')

201 ax1.set_ylabel('Explained Variance ')

202 ax1.set_title('Scree Plot')

203 ax1.legend ()

204 ax1.grid(True , alpha =0.3)

205

206 ax2 = axes [1]

207 patients = df['patient_id ']. values

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

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

210 mask = (patients == patient)

211 ax2.scatter(X_pca[mask , 0], X_pca[mask , 1] if X_pca.shape [1] > 1

else 0,

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

213 edgecolors='black', linewidth=2, alpha =0.8)

214

215 pc1_text = 'PC1 (' + str(round(explained [0]*100 , 1)) + '%)'
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216 pc2_text = 'PC2 (' + str(round(explained [1]*100 , 1)) + '%)'

217 ax2.set_xlabel(pc1_text)

218 ax2.set_ylabel(pc2_text)

219 ax2.set_title('PCA Projection ')

220 ax2.legend ()

221 ax2.grid(True , alpha =0.3)

222

223 plt.tight_layout ()

224 plt.savefig('pca_analysis.png', dpi =300)

225 plt.show()

226

227 plot_pca_analysis ()

228

229 #

============================================================================

230 # 6. FEATURE IMPORTANCE

231 #

============================================================================

232

233 def plot_feature_importance ():

234 patterns = ['firstorder_Mean ', 'firstorder_Entropy ',

235 'glcm_Contrast ', 'glcm_Correlation ',

236 'glrlm_RunEntropy ', 'glszm_ZoneEntropy ']

237

238 selected_cols = []

239 for pattern in patterns:

240 cols = [col for col in df.columns if pattern in col

241 and 'wavelet ' not in col]

242 selected_cols.extend(cols [:4])

243

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

245 y = (df['patient_id '] == 'BRATS_001 ').astype(int)

246

247 rf = RandomForestClassifier(n_estimators =100, random_state =42)

248 rf.fit(X, y)

249

250 importance = pd.DataFrame ({

251 'feature ': selected_cols [:len(rf.feature_importances_)],

252 'importance ': rf.feature_importances_

253 }).sort_values('importance ', ascending=False)

254

255 plt.figure(figsize =(12, 8))

256 top_n = min(15, len(importance))

257

258 colors = []

259 for f in importance.head(top_n)['feature ']:

260 if 'T1' in f:

261 colors.append('#FF6B6B ')

262 elif 'T1c' in f:

263 colors.append('#FF9F43 ')

264 elif 'T2' in f:

265 colors.append('#4 ECDC4 ')

266 else:

267 colors.append('#45 B7D1')

268

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

feature ',

270 palette=colors)
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271 plt.title('Feature Importance ')

272 plt.xlabel('Importance ')

273 plt.tight_layout ()

274 plt.savefig('feature_importance.png', dpi =300)

275 plt.show()

276

277 print(importance.head (10))

278

279 plot_feature_importance ()

280

281 #

============================================================================

282 # 7. COMPREHENSIVE HEATMAP

283 #

============================================================================

284

285 def plot_comprehensive_heatmap ():

286 key_features = [

287 'shape_Sphericity ',

288 'firstorder_Mean ',

289 'firstorder_Entropy ',

290 'firstorder_Variance ',

291 'glcm_Contrast ',

292 'glcm_Correlation ',

293 'glrlm_RunEntropy ',

294 'glszm_ZoneEntropy '

295 ]

296 modalities = ['T1', 'T1c', 'T2', 'FLAIR ']

297

298 heatmap_data = []

299 row_labels = []

300

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

302 for mod in modalities:

303 row_name = patient + '_' + mod

304 row_labels.append(row_name)

305 row_values = []

306 for feat in key_features:

307 col = mod + '_' + feat

308 if col in df.columns:

309 val = df[df['patient_id '] == patient ][col]. values [0]

310 if isinstance(val , (int , float)):

311 row_values.append(val)

312 else:

313 row_values.append (0)

314 else:

315 row_values.append (0)

316 heatmap_data.append(row_values)

317

318 heatmap_df = pd.DataFrame(heatmap_data , index=row_labels ,

319 columns =[f[:15] for f in key_features ])

320

321 mean_vals = heatmap_df.mean(axis =1).values.reshape(-1, 1)

322 std_vals = heatmap_df.std(axis =1).values.reshape(-1, 1)

323 heatmap_norm = (heatmap_df - mean_vals) / std_vals

324 heatmap_norm = heatmap_norm.fillna (0)

325

326 plt.figure(figsize =(14, 6))
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327 sns.heatmap(heatmap_norm , annot=True , fmt='.2f', cmap='coolwarm ',

328 cbar_kws ={'label': 'Z-score'},

329 linewidths =0.5, linecolor='white')

330 plt.title('Comprehensive Radiomic Analysis ')

331 plt.xlabel('Features ')

332 plt.ylabel('Patient / Modality ')

333 plt.tight_layout ()

334 plt.savefig('heatmap.png', dpi =300)

335 plt.show()

336

337 plot_comprehensive_heatmap ()

338

339 print("\nAnalysis completed successfully!")

Ïðèëîæåíèå Á. Ñâîäíàÿ òàáëèöà ðåçóëüòàòîâ

Òàáëèöà 2: Ñðàâíåíèå êëþ÷åâûõ ïðèçíàêîâ

Ïðèçíàê Ïàöèåíò T1 T1c T2 FLAIR Ñðåäíåå

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 0.91 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

Òàáëèöà 3: Êëèíè÷åñêàÿ èíòåðïðåòàöèÿ

Ïàðàìåòð BRATS_001 BRATS_002

Ýíòðîïèÿ Âûñîêàÿ Íèçêàÿ
Êîíòðàñò Âûñîêèé Íèçêèé
Êîððåëÿöèÿ Íèçêàÿ Âûñîêàÿ
Ñôåðè÷íîñòü Íèçêàÿ Âûñîêàÿ
Ôåíîòèï Àãðåññèâíûé Íåàãðåññèâíûé
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