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Ââåäåíèå

Öåëü ðàáîòû

Ñôîðìèðîâàòü ó ñëóøàòåëåé ïðàêòè÷åñêèå íàâûêè êîëè÷åñòâåííîãî àíàëèçà ìåäèöèí-
ñêèõ èçîáðàæåíèé ìåòîäàìè ðàäèîìèêè è ïîñòðîåíèÿ ïðîãíîñòè÷åñêèõ ìîäåëåé ìàøèí-
íîãî îáó÷åíèÿ äëÿ äèôôåðåíöèàëüíîé äèàãíîñòèêè ïàòîëîãè÷åñêèõ îáðàçîâàíèé.

Çàäà÷è ðàáîòû:

1. Ïðîâåñòè ðàçâåäî÷íûé àíàëèç äàííûõ (EDA) ðàäèîìåòðè÷åñêèõ ïðèçíàêîâ.

2. Âûïîëíèòü ïðåäîáðàáîòêó äàííûõ (èìïóòàöèÿ ïðîïóñêîâ, ìàñøòàáèðîâàíèå).

3. Îáó÷èòü ìîäåëü áèíàðíîé êëàññèôèêàöèè äëÿ äèôôåðåíöèðîâêè ïàòîëîãè÷åñêèõ
ñîñòîÿíèé.

4. Îöåíèòü êà÷åñòâî ìîäåëè è èíòåðïðåòèðîâàòü ðåçóëüòàòû.

5. Ïðîàíàëèçèðîâàòü âàæíîñòü ðàäèîìåòðè÷åñêèõ ïðèçíàêîâ äëÿ êëèíè÷åñêîé çàäà-
÷è.

Êëèíè÷åñêèé êîíòåêñò

Â ðàìêàõ ëàáîðàòîðíîé ðàáîòû èñïîëüçóþòñÿ äàííûå ðàäèîìè÷åñêîãî àíàëèçà ïàöèåí-
òîâ ñ íîâîîáðàçîâàíèÿìè ïî÷åê èç äàòàñåòà 1_2236040_zno_cyst_AF. Çàäà÷à ñîñòîèò â
ïîñòðîåíèè ìîäåëè, ñïîñîáíîé äèôôåðåíöèðîâàòü ïàòîëîãè÷åñêèå îáðàçîâàíèÿ (çëîêà-
÷åñòâåííûå îïóõîëè, äîáðîêà÷åñòâåííûå îïóõîëè, êèñòû, àáñöåññû) íà îñíîâå êîëè÷å-
ñòâåííûõ ïðèçíàêîâ, èçâëå÷¼ííûõ èç ìåäèöèíñêèõ èçîáðàæåíèé.

Îáúåêòû äèôôåðåíöèðîâêè:

� Çëîêà÷åñòâåííûå îïóõîëè (àãðåññèâíûå íîâîîáðàçîâàíèÿ)

� Äîáðîêà÷åñòâåííûå îïóõîëè è êèñòû (íåàãðåññèâíûå îáðàçîâàíèÿ)

� Àáñöåññû (âîñïàëèòåëüíûå ïðîöåññû)

Êëèíè÷åñêàÿ çíà÷èìîñòü: Íåèíâàçèâíàÿ äèôôåðåíöèðîâêà òèïîâ ïàòîëîãè÷å-
ñêèõ îáðàçîâàíèé ïî÷åê íà îñíîâå ðàäèîìè÷åñêèõ ïðèçíàêîâ ïîçâîëÿåò:

� Ñíèçèòü êîëè÷åñòâî èíâàçèâíûõ äèàãíîñòè÷åñêèõ ïðîöåäóð (áèîïñèé).

� Óñêîðèòü ïðîöåññ ïðèíÿòèÿ êëèíè÷åñêèõ ðåøåíèé.

� Ïîâûñèòü òî÷íîñòü äèôôåðåíöèàëüíîé äèàãíîñòèêè.

� Ïåðñîíàëèçèðîâàòü òàêòèêó ëå÷åíèÿ.

Êîíöåïöèÿ ðàäèîìèêè

Ðàäèîìèêà � ýòî âûñîêîïðîèçâîäèòåëüíûé ìåòîä èçâëå÷åíèÿ êîëè÷åñòâåííûõ ïðèçíà-
êîâ èç ìåäèöèíñêèõ èçîáðàæåíèé (ÊÒ, ÌÐÒ, ÏÝÒ). Å¼ êëþ÷åâàÿ èäåÿ çàêëþ÷àåòñÿ â
òîì, ÷òî âèçóàëüíàÿ èíôîðìàöèÿ ñîäåðæèò ñêðûòûå ïàòòåðíû, íåðàçëè÷èìûå äëÿ ÷å-
ëîâå÷åñêîãî ãëàçà, íî ïîääàþùèåñÿ ìàòåìàòè÷åñêîìó îïèñàíèþ. Ýòè ïàòòåðíû ìîãóò
ñëóæèòü íåèíâàçèâíûìè áèîìàðêåðàìè, îòðàæàþùèìè ãèñòîëîãèþ, ãåíåòèêó è àãðåñ-
ñèâíîñòü çàáîëåâàíèÿ.

Ïàéïëàéí ðàäèîìè÷åñêîãî àíàëèçà:
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1. Ïîëó÷åíèå ìåäèöèíñêèõ èçîáðàæåíèé (ÊÒ, ÌÐÒ).

2. Ñåãìåíòàöèÿ îáëàñòåé èíòåðåñà (ROI).

3. Èçâëå÷åíèå êîëè÷åñòâåííûõ ïðèçíàêîâ.

4. Ïðåäîáðàáîòêà è îòáîð ïðèçíàêîâ.

5. Ïîñòðîåíèå ïðîãíîñòè÷åñêèõ ìîäåëåé.

6. Êëèíè÷åñêàÿ âàëèäàöèÿ è èíòåðïðåòàöèÿ.

Òåîðåòè÷åñêàÿ ÷àñòü

Êëàññèôèêàöèÿ ðàäèîìåòðè÷åñêèõ ïðèçíàêîâ

Ñîâðåìåííûå áèáëèîòåêè (íàïðèìåð, PyRadiomics) èçâëåêàþò áîëåå 100 ïðèçíàêîâ. Îíè
äåëÿòñÿ íà íåñêîëüêî îñíîâíûõ ãðóïï.

Ãåîìåòðè÷åñêèå ïðèçíàêè (Shape)

Îïèñûâàþò ôîðìó è ðàçìåð îáëàñòè èíòåðåñà (ROI).
Ýëîíãàöèÿ (âûòÿíóòîñòü):

E =
Lminor

Lmajor

(1)

ãäå:

� E � ýëîíãàöèÿ (îò 0 äî 1)

� Lminor è Lmajor � ìàëàÿ è áîëüøàÿ îñè àïïðîêñèìèðóþùåãî ýëëèïñà

Çíà÷åíèå, áëèçêîå ê 1, óêàçûâàåò íà îêðóãëóþ (÷àñòî äîáðîêà÷åñòâåííóþ) ôîðìó.
Ñôåðè÷íîñòü:

S =
36πV 2

A3
(2)

ãäå:

� V � îáú¼ì ROI

� A � ïëîùàäü ïîâåðõíîñòè

Íèçêàÿ ñôåðè÷íîñòü óêàçûâàåò íà èíôèëüòðàòèâíûé, íåðåãóëÿðíûé ðîñò.

Ñòàòèñòèêè ïåðâîãî ïîðÿäêà (First-order)

Îïèñûâàþò ðàñïðåäåëåíèå èíòåíñèâíîñòè ïèêñåëåé áåç ó÷¼òà èõ ðàñïîëîæåíèÿ.
Ñðåäíåå çíà÷åíèå:

µ =
1

N

N∑
i=1

Xi (3)

ãäå:

� µ � ñðåäíÿÿ èíòåíñèâíîñòü

� N � ÷èñëî ïèêñåëåé â ìàñêå
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� Xi � èíòåíñèâíîñòü i-ãî ïèêñåëÿ

Äèñïåðñèÿ:

σ2 =
1

N − 1

N∑
i=1

(Xi − µ)2 (4)

ãäå σ2 � ìåðà ðàçáðîñà çíà÷åíèé (íåîäíîðîäíîñòè òêàíè).
Ýíòðîïèÿ (ìåðà õàîòè÷íîñòè):

H = −
∑
k

pk · log2(pk) (5)

ãäå:

� H � ýíòðîïèÿ Øåííîíà

� pk � âåðîÿòíîñòü ïîÿâëåíèÿ èíòåíñèâíîñòè k

Âûñîêàÿ ýíòðîïèÿ ÷àñòî êîððåëèðóåò ñ íåêðîçîì èëè ôèáðîçîì âíóòðè îïóõîëè.

Òåêñòóðíûå ïðèçíàêè

Ìàòðèöà ïðîñòðàíñòâåííîé ñìåæíîñòè (GLCM) îöåíèâàåò, êàê ÷àñòî ïèêñåëè ñ
îïðåäåë¼ííûìè óðîâíÿìè ÿðêîñòè âñòðå÷àþòñÿ ðÿäîì.

Êîíòðàñò:

Contrast =
∑
i

∑
j

|i− j|2 · P (i, j) (6)

ãäå P (i, j) � âåðîÿòíîñòü ñîâìåñòíîãî ïîÿâëåíèÿ ïèêñåëåé ñ èíòåíñèâíîñòÿìè i è j.
Âûñîêèé êîíòðàñò óêàçûâàåò íà ðåçêèå ïåðåïàäû ÿðêîñòè.

Ýíåðãèÿ (îäíîðîäíîñòü):

Energy =
∑
i

∑
j

P (i, j)2 (7)

Âûñîêàÿ ýíåðãèÿ óêàçûâàåò íà îäíîðîäíîñòü òåêñòóðû.
Êîððåëÿöèÿ:

Correlation =

∑
i

∑
j(i− µi)(j − µj)P (i, j)

σiσj

(8)

Õàðàêòåðèçóåò ëèíåéíóþ çàâèñèìîñòü ìåæäó ñîñåäíèìè ïèêñåëÿìè.

Ìåòðèêè îöåíêè ìîäåëåé â êëèíè÷åñêîì êîíòåêñòå

Ïðè áèíàðíîé êëàññèôèêàöèè (0 � íîðìà/äîáðîêà÷åñòâåííîå, 1 � ïàòîëîãèÿ/çëîêà÷å-
ñòâåííîå) êðèòè÷åñêè âàæåí âûáîð ìåòðèêè.

Ïîëíîòà (Recall):

Recall =
TP

TP + FN
(9)

Ïðèîðèòåòíà äëÿ ñêðèíèíãà: ìèíèìèçèðóåò ïðîïóñê ïàòîëîãèè (ëîæíîîòðèöàòåëüíûå
ðåçóëüòàòû).

Òî÷íîñòü (Precision):

Precision =
TP

TP + FP
(10)
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Ïðèîðèòåòíà äëÿ ïîäòâåðæäàþùåé äèàãíîñòèêè: ìèíèìèçèðóåò ëîæíûå òðåâîãè, âåäó-
ùèå ê íåíóæíûì áèîïñèÿì.

F1-ìåðà (áàëàíñ):

F1 = 2 · Precision ·Recall

Precision+Recall
(11)

ROC-AUC: Ïëîùàäü ïîä ROC-êðèâîé. Çíà÷åíèå 0.5 ñîîòâåòñòâóåò ñëó÷àéíîìó óãà-
äûâàíèþ, 1.0 � èäåàëüíîìó êëàññèôèêàòîðó.

Ïðåäîáðàáîòêà äàííûõ

Ñòàíäàðòèçàöèÿ (Z-score):

z =
x− µ

σ
(12)

ãäå:

� z � íîðìàëèçîâàííîå çíà÷åíèå

� x � èñõîäíîå çíà÷åíèå

� µ è σ � ñðåäíåå è ñòàíäàðòíîå îòêëîíåíèå ïðèçíàêà ïî îáó÷àþùåé âûáîðêå

Îáÿçàòåëüíà äëÿ ëèíåéíûõ ìîäåëåé è íåéðîñåòåé.
Èìïóòàöèÿ ïðîïóñêîâ:

ximputed = median(X) (13)

Ìåäèàííàÿ èìïóòàöèÿ óñòîé÷èâà ê âûáðîñàì.

Ïðàêòè÷åñêàÿ ÷àñòü

Çàãðóçêà è ðàçâåäî÷íûé àíàëèç äàííûõ (EDA)

Çàãðóçêà äàííûõ

Ðàäèîìåòðè÷åñêèå õàðàêòåðèñòèêè ñîõðàíÿþòñÿ â CSV-ôîðìàòå ïîñëå îáðàáîòêè íà
ïëàòôîðìå ¾ÁèîÌåäÀíàëèòèêà¿.

1 import pandas as pd

2 import numpy as np

3 import matplotlib.pyplot as plt

4 import seaborn as sns

5

6 df = pd.read_csv('result.csv')

7 print(df.shape)

8 print(df.columns.tolist () [:10])

9 print(df.info())

10 print(df.describe ())

Àíàëèç ðàñïðåäåëåíèÿ êëàññîâ

1 print("Distribution of classes:")

2 print(df['label ']. value_counts ())

3 print(df['label ']. value_counts(normalize=True))

4

5 sns.countplot(data=df, x='label')

6 plt.title('Distribution of classes ')

7 plt.show()
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Âèçóàëèçàöèÿ ðàñïðåäåëåíèé ïðèçíàêîâ

1 features = ['original_firstorder_Mean ', '

original_firstorder_Entropy ',

2 'original_glcm_Contrast ', 'original_glcm_Correlation ']

3

4 fig , axes = plt.subplots(2, 2, figsize =(12, 10))

5 for i, feat in enumerate(features):

6 ax = axes[i//2, i%2]

7 sns.histplot(data=df, x=feat , hue='label', kde=True , ax=ax)

8 ax.set_title(feat)

9 plt.tight_layout ()

10 plt.show()

Ïðåäîáðàáîòêà äàííûõ

Âûäåëåíèå ïðèçíàêîâ è öåëåâîé ïåðåìåííîé

1 feature_cols = [col for col in df.columns if col not in ['label',

'path_to_cell ', 'source_file ']]

2 X = df[feature_cols]

3 y = df['label ']

4

5 print("Features shape:", X.shape)

6 print("Target shape:", y.shape)

7 print("Classes:", y.unique ())

Ðàçäåëåíèå íà îáó÷àþùóþ è òåñòîâóþ âûáîðêè

1 from sklearn.model_selection import train_test_split

2

3 X_train , X_test , y_train , y_test = train_test_split(

4 X, y, test_size =0.3, random_state =42, stratify=y

5 )

6

7 print("Train size:", X_train.shape [0])

8 print("Test size:", X_test.shape [0])

9 print("Train class distribution :\n", y_train.value_counts(

normalize=True))

10 print("Test class distribution :\n", y_test.value_counts(normalize=

True))

Èìïóòàöèÿ ïðîïóñêîâ

1 from sklearn.impute import SimpleImputer

2

3 imputer = SimpleImputer(strategy='median ')

4 X_train_imputed = imputer.fit_transform(X_train)

5 X_test_imputed = imputer.transform(X_test)

6

7 print("Missing values after imputation:",

8 np.isnan(X_train_imputed).sum(), np.isnan(X_test_imputed).sum())
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Ñòàíäàðòèçàöèÿ

1 from sklearn.preprocessing import StandardScaler

2

3 scaler = StandardScaler ()

4 X_train_scaled = scaler.fit_transform(X_train_imputed)

5 X_test_scaled = scaler.transform(X_test_imputed)

6

7 print("Mean after scaling:", X_train_scaled.mean(axis =0) [:5])

8 print("Std after scaling:", X_train_scaled.std(axis =0) [:5])

Îáó÷åíèå ìîäåëè

Ñëó÷àéíûé ëåñ (Random Forest)

Ñëó÷àéíûé ëåñ óñòîé÷èâ ê âûáðîñàì, íå òðåáóåò ñòðîãîé íîðìàëèçàöèè è ïîçâîëÿåò
îöåíèòü âàæíîñòü ïðèçíàêîâ.

1 from sklearn.ensemble import RandomForestClassifier

2 from sklearn.metrics import classification_report ,

confusion_matrix

3 from sklearn.metrics import roc_auc_score , RocCurveDisplay

4

5 model = RandomForestClassifier(

6 n_estimators =100,

7 random_state =42,

8 class_weight='balanced '

9 )

10

11 model.fit(X_train_scaled , y_train)

Îöåíêà êà÷åñòâà

1 y_pred = model.predict(X_test_scaled)

2 y_prob = model.predict_proba(X_test_scaled)[:, 1]

3

4 print("Classification Report:")

5 print(classification_report(y_test , y_pred , target_names =['Benign '

, 'Malignant ']))

6

7 cm = confusion_matrix(y_test , y_pred)

8 print("Confusion Matrix:")

9 print(cm)

10

11 auc = roc_auc_score(y_test , y_prob)

12 print("ROC -AUC:", auc)

Âèçóàëèçàöèÿ ðåçóëüòàòîâ

1 fig , axes = plt.subplots(1, 2, figsize =(12, 5))

2

3 sns.heatmap(cm, annot=True , fmt='d', cmap='Blues', ax=axes [0])

4 axes [0]. set_title('Confusion Matrix ')

5 axes [0]. set_xlabel('Predicted ')

6 axes [0]. set_ylabel('True')

7
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8 RocCurveDisplay.from_estimator(model , X_test_scaled , y_test , ax=

axes [1])

9 axes [1]. set_title('ROC Curve ')

10

11 plt.tight_layout ()

12 plt.show()

Àíàëèç âàæíîñòè ïðèçíàêîâ

1 importance = pd.DataFrame ({

2 'feature ': feature_cols ,

3 'importance ': model.feature_importances_

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

5

6 print("Top 10 features:")

7 print(importance.head (10))

8

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

10 sns.barplot(data=importance.head (15), x='importance ', y='feature ')

11 plt.title('Feature Importance ')

12 plt.xlabel('Importance ')

13 plt.tight_layout ()

14 plt.show()

Âàðèàíòû çàäàíèé

Âûáåðèòå îäèí èç âàðèàíòîâ â ñîîòâåòñòâèè ñ óêàçàíèåì ïðåïîäàâàòåëÿ. Êàæäûé âà-
ðèàíò àêöåíòèðóåò âíèìàíèå íà ñïåöèôèêå îïðåäåë¼ííîé àíàòîìè÷åñêîé çîíû.

Òàáëèöà 1: Âàðèàíòû çàäàíèé

Âàðèàíò Àíàòîìè÷åñêàÿ çîíà Àêöåíò

1 Ïî÷êè Ãåîìåòðè÷åñêèå ïðèçíàêè è ñòà-
òèñòèêè ïåðâîãî ïîðÿäêà

2 Ìîëî÷íàÿ æåëåçà Òåêñòóðíûå ïðèçíàêè (GLCM,
GLRLM)

3 Ãîëîâíîé ìîçã Ñïåêòðàëüíûå ïðèçíàêè è
NGTDM

4 Áðþøíàÿ ïîëîñòü Êîìáèíèðîâàííîå èñïîëüçîâà-
íèå âñåõ ãðóïï ïðèçíàêîâ

5 Ìóëüòèìîäàëüíûé àíàëèç Ñðàâíèòåëüíûé àíàëèç è ôîð-
ìóëèðîâêà ãèïîòåç

Çàäàíèå ïîâûøåííîé ñëîæíîñòè (ñî çâ¼çäî÷êîé):
Ðåàëèçóéòå îòáîð ïðèçíàêîâ ìåòîäîì ðåêóðñèâíîãî èñêëþ÷åíèÿ (RFE) èëè ÷åðåç

SelectFromModel. Ñðàâíèòå ìåòðèêè ìîäåëè äî è ïîñëå óìåíüøåíèÿ ðàçìåðíîñòè.

1 from sklearn.feature_selection import RFE

2 from sklearn.linear_model import LogisticRegression

3

4 selector = RFE(LogisticRegression (), n_features_to_select =20)

5 selector.fit(X_train_scaled , y_train)
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6 selected_features = selector.get_support ()

7

8 print("Selected features:", np.sum(selected_features))

9 X_train_selected = X_train_scaled [:, selected_features]

10 X_test_selected = X_test_scaled [:, selected_features]

11

12 model_selected = RandomForestClassifier(random_state =42)

13 model_selected.fit(X_train_selected , y_train)

14 y_pred_selected = model_selected.predict(X_test_selected)

15

16 print("Accuracy with RFE:", accuracy_score(y_test , y_pred_selected

))

Ðåçóëüòàòû

Ïðèìåð ðåçóëüòàòîâ

Íèæå ïðèâåäåíû òèïè÷íûå ðåçóëüòàòû, êîòîðûå ìîæíî ïîëó÷èòü ïðè âûïîëíåíèè ðà-
áîòû.

Òàáëèöà 2: Ìåòðèêè êà÷åñòâà ìîäåëè (ïðèìåð)

Ìåòðèêà Çíà÷åíèå 95% CI Èíòåðïðåòàöèÿ

Accuracy 0.89 0.85�0.93 Õîðîøåå êà÷åñòâî
Precision (Malignant) 0.87 0.82�0.92 Íèçêèé óðîâåíü ËÏ
Recall (Malignant) 0.92 0.88�0.96 Âûñîêàÿ ÷óâñòâèòåëüíîñòü
F1 (Malignant) 0.89 0.85�0.93 Õîðîøèé áàëàíñ
ROC-AUC 0.94 0.91�0.97 Îòëè÷íàÿ äèñêðèìèíàöèÿ

Âàæíîñòü ïðèçíàêîâ (ïðèìåð)

Òàáëèöà 3: Òîï-10 âàæíåéøèõ ïðèçíàêîâ

Ïðèçíàê Âàæíîñòü

original_�rstorder_Entropy 0.142
original_glcm_Contrast 0.118
original_�rstorder_Variance 0.095
original_shape_Sphericity 0.087
original_glcm_Correlation 0.076
original_�rstorder_Mean 0.068
original_glrlm_RunEntropy 0.062
original_glszm_ZoneEntropy 0.055
original_gldm_DependenceEntropy 0.048
original_shape_Elongation 0.041

Èíòåðïðåòàöèÿ:

1. Ýíòðîïèÿ (original_�rstorder_Entropy) � îòðàæàåò ãåòåðîãåííîñòü òêàíè. Âûñî-
êàÿ ýíòðîïèÿ óêàçûâàåò íà íåîäíîðîäíîñòü, õàðàêòåðíóþ äëÿ çëîêà÷åñòâåííûõ
îáðàçîâàíèé.

9



2. Êîíòðàñò (original_glcm_Contrast) � õàðàêòåðèçóåò ðåçêèå ïåðåïàäû èíòåíñèâ-
íîñòè, ñâÿçàííûå ñ íåîâàñêóëÿðèçàöèåé è íåêðîçîì.

3. Äèñïåðñèÿ (original_�rstorder_Variance) � ìåðà ðàçáðîñà çíà÷åíèé èíòåíñèâíî-
ñòè, îòðàæàþùàÿ íåîäíîðîäíîñòü òêàíè.

4. Ñôåðè÷íîñòü (original_shape_Sphericity) � íèçêàÿ ñôåðè÷íîñòü õàðàêòåðíà äëÿ
èíôèëüòðàòèâíîãî ðîñòà çëîêà÷åñòâåííûõ îïóõîëåé.

Âûâîäû

Â õîäå âûïîëíåíèÿ ëàáîðàòîðíîé ðàáîòû áûëè ïîëó÷åíû ñëåäóþùèå ðåçóëüòàòû:

1. Ïðîâåä¼í ðàçâåäî÷íûé àíàëèç äàííûõ: âûÿâëåíû çàêîíîìåðíîñòè â ðàñïðå-
äåëåíèè ïðèçíàêîâ, îïðåäåëåíû êëàññû è èõ ñîîòíîøåíèå.

2. Âûïîëíåíà ïðåäîáðàáîòêà äàííûõ: ðåàëèçîâàíà èìïóòàöèÿ ïðîïóñêîâ è ñòàí-
äàðòèçàöèÿ ïðèçíàêîâ.

3. Îáó÷åíà ìîäåëü ñëó÷àéíîãî ëåñà: ìîäåëü äåìîíñòðèðóåò âûñîêîå êà÷åñòâî
êëàññèôèêàöèè (ROC-AUC > 0.9).

4. Ïðîâåä¼í àíàëèç âàæíîñòè ïðèçíàêîâ: âûÿâëåíû êëþ÷åâûå ðàäèîìåòðè÷å-
ñêèå õàðàêòåðèñòèêè (ýíòðîïèÿ, êîíòðàñò, äèñïåðñèÿ, ñôåðè÷íîñòü) äëÿ äèôôå-
ðåíöèðîâêè ïàòîëîãè÷åñêèõ ñîñòîÿíèé.

5. Ðåçóëüòàòû èíòåðïðåòèðîâàíû ñ êëèíè÷åñêîé òî÷êè çðåíèÿ: ïîäòâåðæäå-
íà äèàãíîñòè÷åñêàÿ öåííîñòü òåêñòóðíûõ ïðèçíàêîâ è ñòàòèñòèê ïåðâîãî ïîðÿäêà.

Êëèíè÷åñêèå ðåêîìåíäàöèè:

1. Äëÿ ñêðèíèíãà ðåêîìåíäóåòñÿ èñïîëüçîâàòü ìåòðèêó Recall (ìèíèìèçàöèÿ ïðî-
ïóñêà ïàòîëîãèè).

2. Äëÿ ïîäòâåðæäàþùåé äèàãíîñòèêè ðåêîìåíäóåòñÿ èñïîëüçîâàòü ìåòðèêó Precision
(ìèíèìèçàöèÿ ëîæíûõ òðåâîã).

3. Òåêñòóðíûå ïðèçíàêè (GLCM_Contrast, GLCM_Entropy) ÿâëÿþòñÿ íàèáîëåå èí-
ôîðìàòèâíûìè äëÿ äèôôåðåíöèàëüíîé äèàãíîñòèêè.

Êîíòðîëüíûå âîïðîñû

1. Â ÷¼ì çàêëþ÷àåòñÿ ïðèíöèïèàëüíîå ðàçëè÷èå ìåæäó ñòàòèñòèêàìè ïåðâîãî ïîðÿä-
êà è òåêñòóðíûìè ïðèçíàêàìè? Ïðèâåäèòå ïðèìåð ìåäèöèíñêîé çàäà÷è, â êîòîðîé
êàæäûé èç ýòèõ òèïîâ ïðèçíàêîâ áóäåò îáëàäàòü ìàêñèìàëüíîé äèàãíîñòè÷åñêîé
öåííîñòüþ.

2. Ïî÷åìó ìåòðèêà Accuracy ìîæåò äàâàòü èñêàæ¼ííîå ïðåäñòàâëåíèå î êà÷åñòâå
ìîäåëè ïðè ðàáîòå ñ ìåäèöèíñêèìè äàííûìè? Êàêèå àëüòåðíàòèâíûå ìåòðèêè
ïðåäïî÷òèòåëüíåå èñïîëüçîâàòü â çàäà÷àõ ñêðèíèíãà è ïî êàêîé ïðè÷èíå?

3. Êàêóþ èíôîðìàöèþ íåñ¼ò êîýôôèöèåíò êîððåëÿöèè Ïèðñîíà ìåæäó äâóìÿ ïðè-
çíàêàìè? Ïî÷åìó íàëè÷èå ñèëüíîé êîððåëÿöèè (ìóëüòèêîëëèíåàðíîñòè) ìîæåò
ñîçäàâàòü ïðîáëåìû ïðè îáó÷åíèè ëèíåéíûõ ìîäåëåé?
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4. Äàéòå ñîäåðæàòåëüíîå îáúÿñíåíèå ìåòðèêè ROC-AUC. Â êàêèõ ñèòóàöèÿõ å¼ èñ-
ïîëüçîâàíèå áîëåå îïðàâäàíî ïî ñðàâíåíèþ ñ F1-ìåðîé?

5. Ïåðå÷èñëèòå îáÿçàòåëüíûå ýòàïû ïðåäîáðàáîòêè ðàäèîìåòðè÷åñêèõ äàííûõ ïå-
ðåä îáó÷åíèåì ìîäåëè. Îáîñíóéòå íåîáõîäèìîñòü êàæäîãî èç íèõ ñ òî÷êè çðåíèÿ
ñòàòèñòèêè è ìàøèííîãî îáó÷åíèÿ.

6. Ïðîàíàëèçèðóéòå ìàòðèöó îøèáîê âàøåé ìîäåëè: êàêîå êîëè÷åñòâî ëîæíîïîëî-
æèòåëüíûõ è ëîæíîîòðèöàòåëüíûõ ïðîãíîçîâ áûëî äîïóùåíî? Êàêîé èç ýòèõ òè-
ïîâ îøèáîê ïðåäñòàâëÿåò áîëüøóþ îïàñíîñòü â êîíòåêñòå âàøåé çàäà÷è è ïî÷åìó?

7. Íàçîâèòå òðè ïðèçíàêà, îêàçàâøèå íàèáîëüøåå âëèÿíèå íà ïðîãíîç âàøåé ìîäåëè.
Êàê âû èíòåðïðåòèðóåòå èõ âêëàä ñ ìåäèöèíñêîé òî÷êè çðåíèÿ?

8. Åñëè áû ó âàñ ïîÿâèëàñü âîçìîæíîñòü äîïîëíèòü íàáîð äàííûõ îäíèì íîâûì
òèïîì èíôîðìàöèè (ïîìèìî ðàäèîìåòðè÷åñêèõ ïðèçíàêîâ), ÷òî áû âû âûáðàëè:
êëèíè÷åñêèå ìåòàäàííûå, ðåçóëüòàòû ëàáîðàòîðíûõ èññëåäîâàíèé, ãåíîìíûå äàí-
íûå? Îáîñíóéòå ñâîé âûáîð.

9. Êàê èçìåíèòñÿ âàøà ñòðàòåãèÿ ìîäåëèðîâàíèÿ ïðè óâåëè÷åíèè îáú¼ìà îáó÷àþùåé
âûáîðêè â äåñÿòü ðàç? Êàêèå êîððåêòèðîâêè ïîòðåáóþòñÿ â ñëó÷àå ñîêðàùåíèÿ
äàííûõ âäâîå?

10. Êàêèå øàãè âû ïðåäïðèìåòå, åñëè ìîäåëü äåìîíñòðèðóåò âûñîêóþ ïîëíîòó ïðè
íèçêîé òî÷íîñòè ïðîãíîçà ïîëîæèòåëüíûõ ñëó÷àåâ (èëè íàîáîðîò)? Êàê òàêîé
äèñáàëàíñ ïîâëèÿåò íà âîçìîæíîñòè êëèíè÷åñêîãî ïðèìåíåíèÿ ìîäåëè?
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