
5/1/2017 Final Project

http://localhost:8888/nbconvert/html/Final%20Project.ipynb?download=false 1/20

Final Project (Breast Cancer Wisconsin Dataset)

Kunal Singh, Santhosh Subramanian

In [1]: import pandas as pd 
%matplotlib inline 
import matplotlib.pyplot as plt 
import numpy as np 
from sklearn import svm 
from sklearn import metrics 
from sklearn.model_selection import train_test_split 
from sklearn import preprocessing 
from sklearn.ensemble import RandomForestClassifier 
from sklearn.model_selection import GridSearchCV 
from sklearn.cross_validation import KFold 
from sklearn.linear_model import LogisticRegression 
from sklearn.tree import DecisionTreeClassifier 
import seaborn as sns 
import keras 

In [2]: data = pd.read_csv("wdbc.data.csv",header=0) 

//anaconda/lib/python2.7/site-packages/sklearn/cross_validation.py:44:
 DeprecationWarning: This module was deprecated in version 0.18 in favo
r of the model_selection module into which all the refactored classes a
nd functions are moved. Also note that the interface of the new CV iter
ators are different from that of this module. This module will be remov
ed in 0.20. 
  "This module will be removed in 0.20.", DeprecationWarning) 
Using TensorFlow backend. 



5/1/2017 Final Project

http://localhost:8888/nbconvert/html/Final%20Project.ipynb?download=false 2/20

In [3]: data.describe()

Out[3]: id radius_mean texture_mean perimeter_mean area_mean smoothness_mean

count 5.690000e+02 569.000000 569.000000 569.000000 569.000000 569.000000

mean 3.037183e+07 14.127292 19.289649 91.969033 654.889104 0.096360

std 1.250206e+08 3.524049 4.301036 24.298981 351.914129 0.014064

min 8.670000e+03 6.981000 9.710000 43.790000 143.500000 0.052630

25% 8.692180e+05 11.700000 16.170000 75.170000 420.300000 0.086370

50% 9.060240e+05 13.370000 18.840000 86.240000 551.100000 0.095870

75% 8.813129e+06 15.780000 21.800000 104.100000 782.700000 0.105300

max 9.113205e+08 28.110000 39.280000 188.500000 2501.000000 0.163400

8 rows × 31 columns
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In [4]: data.info() 

In [5]: data.drop("id",axis=1,inplace=True) 

<class 'pandas.core.frame.DataFrame'> 
RangeIndex: 569 entries, 0 to 568 
Data columns (total 32 columns): 
id                         569 non-null int64 
diagnosis                  569 non-null object 
radius_mean                569 non-null float64 
texture_mean               569 non-null float64 
perimeter_mean             569 non-null float64 
area_mean                  569 non-null float64 
smoothness_mean            569 non-null float64 
compactness_mean           569 non-null float64 
concavity_mean             569 non-null float64 
concave_points_mean        569 non-null float64 
symmetry_mean              569 non-null float64 
fractal_dimension_mean     569 non-null float64 
radius_SE                  569 non-null float64 
texture_SE                 569 non-null float64 
perimeter_SE               569 non-null float64 
area_SE                    569 non-null float64 
smoothness_SE              569 non-null float64 
compactness_SE             569 non-null float64 
concavity_SE               569 non-null float64 
concave_points_SE          569 non-null float64 
symmetry_SE                569 non-null float64 
fractal_dimension_SE       569 non-null float64 
radius_worst               569 non-null float64 
texture_worst              569 non-null float64 
perimeter_worst            569 non-null float64 
area_worst                 569 non-null float64 
smoothness_worst           569 non-null float64 
compactness_worst          569 non-null float64 
concavity_worst            569 non-null float64 
concave_points_worst       569 non-null float64 
symmetry_worst             569 non-null float64 
fractal_dimension_worst    569 non-null float64 
dtypes: float64(30), int64(1), object(1) 
memory usage: 142.3+ KB 
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In [6]: print(data.head(5)) 



5/1/2017 Final Project

http://localhost:8888/nbconvert/html/Final%20Project.ipynb?download=false 5/20

  diagnosis  radius_mean  texture_mean  perimeter_mean  area_mean  \ 
0         M        17.99         10.38          122.80     1001.0    
1         M        20.57         17.77          132.90     1326.0    
2         M        19.69         21.25          130.00     1203.0    
3         M        11.42         20.38           77.58      386.1    
4         M        20.29         14.34          135.10     1297.0    
 
   smoothness_mean  compactness_mean  concavity_mean  concave_points_me
an  \ 
0          0.11840           0.27760          0.3001              0.147
10    
1          0.08474           0.07864          0.0869              0.070
17    
2          0.10960           0.15990          0.1974              0.127
90    
3          0.14250           0.28390          0.2414              0.105
20    
4          0.10030           0.13280          0.1980              0.104
30    
 
   symmetry_mean           ...             radius_worst  texture_worst  
\ 
0         0.2419           ...                    25.38          17.33 
   
1         0.1812           ...                    24.99          23.41 
   
2         0.2069           ...                    23.57          25.53 
   
3         0.2597           ...                    14.91          26.50 
   
4         0.1809           ...                    22.54          16.67 
   
 
   perimeter_worst  area_worst  smoothness_worst  compactness_worst  \ 
0           184.60      2019.0            0.1622             0.6656    
1           158.80      1956.0            0.1238             0.1866    
2           152.50      1709.0            0.1444             0.4245    
3            98.87       567.7            0.2098             0.8663    
4           152.20      1575.0            0.1374             0.2050    
 
   concavity_worst  concave_points_worst  symmetry_worst  \ 
0           0.7119                0.2654          0.4601    
1           0.2416                0.1860          0.2750    
2           0.4504                0.2430          0.3613    
3           0.6869                0.2575          0.6638    
4           0.4000                0.1625          0.2364    
 
   fractal_dimension_worst   
0                  0.11890   
1                  0.08902   
2                  0.08758   
3                  0.17300   
4                  0.07678   
 
[5 rows x 31 columns] 
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In [7]: features_mean= list(data.columns[1:11]) 

features_se= list(data.columns[11:20]) 

features_worst=list(data.columns[21:31]) 

print(features_mean)

In [8]: corr = data[features_mean].corr() 

 

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

sns.heatmap(corr, cbar = True,  square = True, annot=True, fmt= '.2f',an

not_kws={'size': 15},  

            xticklabels= features_mean, yticklabels= features_mean, 

            cmap= 'coolwarm') 

['radius_mean', 'texture_mean', 'perimeter_mean', 'area_mean', 'smoothn

ess_mean', 'compactness_mean', 'concavity_mean', 'concave_points_mean', 

'symmetry_mean', 'fractal_dimension_mean'] 

Out[8]: <matplotlib.axes._subplots.AxesSubplot at 0x11c6e1150>
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In [9]: corr = data[features_se].corr() 

 

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

sns.heatmap(corr, cbar = True,  square = True, annot=True, fmt= '.2f',an

not_kws={'size': 15}, 

            xticklabels= features_se, yticklabels= features_se, 

            cmap= 'coolwarm') 

Out[9]: <matplotlib.axes._subplots.AxesSubplot at 0x11c6e1b90>
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In [10]: corr = data[features_worst].corr() 

 

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

sns.heatmap(corr, cbar = True,  square = True, annot=True, fmt= '.2f',an

not_kws={'size': 15},  

            xticklabels= features_worst, yticklabels= features_worst,  

            cmap= 'coolwarm') 

In [11]: #Radius, perimeter and area are highly correlated 
#Compactness, concavity and concave points are also highly correlated 

In [12]: train, test = train_test_split(data, test_size = 0.2) 

print(train.shape) 
print(test.shape) 

In [13]: #Diagnosis column is mapped to integer value 
data['diagnosis']=data['diagnosis'].map({'M':1,'B':0}) 

Out[10]: <matplotlib.axes._subplots.AxesSubplot at 0x10635ebd0>

(455, 31) 

(114, 31) 
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In [14]: #Labels for training and test data 
train_labels = train.diagnosis
test_labels = test.diagnosis 

In [15]: #See which features to pick 
 
from sklearn.ensemble import RandomForestClassifier 
 
train_X= train[data.columns[1:31]] 
test_X = test[data.columns[1:31]] 
 
rand_forest = RandomForestClassifier(n_estimators=100) 
rand_forest.fit(train_X,train_labels) 
prediction = rand_forest.predict(test_X) 
print(metrics.accuracy_score(prediction,test_labels)) 
 
featimp = pd.Series(rand_forest.feature_importances_, 
index=data.columns[1:31]).sort_values(ascending=False) 
print(featimp) 

0.956140350877 
area_worst                 0.139287 
concave_points_worst       0.125739 
perimeter_worst            0.124496 
radius_worst               0.102026 
concave_points_mean        0.100737 
perimeter_mean             0.056528 
radius_mean                0.043335 
area_mean                  0.040000 
concavity_worst            0.036006 
concavity_mean             0.029812 
area_SE                    0.028656 
compactness_worst          0.025427 
texture_worst              0.016163 
compactness_mean           0.014897 
texture_mean               0.014013 
perimeter_SE               0.013305 
symmetry_worst             0.011984 
radius_SE                  0.011065 
smoothness_worst           0.010863 
concave_points_SE          0.009142 
fractal_dimension_worst    0.006975 
smoothness_mean            0.005794 
symmetry_mean              0.005343 
concavity_SE               0.004977 
texture_SE                 0.004361 
symmetry_SE                0.004220 
fractal_dimension_SE       0.004080 
fractal_dimension_mean     0.003726 
smoothness_SE              0.003581 
compactness_SE             0.003462 
dtype: float64 
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In [16]: plt.figure(figsize=(12,8)) 
plt.title('Feature Importance') 
_ = featimp.sort_values(ascending=True).plot(kind='barh') 
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In [20]: #In general, standard error features are of least important 
 
#concave_points_worst       0.139911 
#perimeter_worst            0.121034 
#concave_points_mean        0.120095 
#area_worst                 0.091847 
#radius_worst               0.088480 
#concavity_mean             0.065043 
#perimeter_mean             0.059991 
#area_mean                  0.053795 
#radius_mean                0.048585 
#concavity_worst            0.024480 
#texture_worst              0.016268 
#texture_mean               0.015812 
#compactness_worst          0.015311 
#smoothness_worst           0.013983 
#symmetry_worst             0.008310 
 
#perimeter_SE, radius_SE, area SE taken out 
 
#Radius, perimeter and area are highly correlated 
#Compactness, concavity and concave points are also highly correlated 
 
#concave_points_worst       0.139911 
#perimeter_worst            0.121034 
#concave_points_mean        0.120095 
#area_worst                 0.091847 
#radius_worst               0.088480 
#concavity_mean             0.065043 
#perimeter_mean             0.059991 
#area_mean                  0.053795 
#radius_mean                0.048585 
#concavity_worst            0.024480 
#texture_worst              0.016268 
#texture_mean               0.015812 
#smoothness_worst           0.013983 
#symmetry_worst             0.008310 
 
#compactness_worst taken out b/c correlated with concave_points, concavi
ty 
#concavity_mean and concavity_worst included b/c they still have high im
portance 
#area and radius both included because both of high importance 
 
#included symmetry for variety in features 

In [21]: #Final list of features 
 
columns_total = ['concave_points_worst', 'perimeter_worst', 'concave_poi
nts_mean', 'area_worst', 'radius_worst',  
                 'concavity_mean', 'perimeter_mean', 'area_mean', 'radiu
s_mean', 'concavity_worst', 'texture_worst', 
                 'texture_mean', 'smoothness_worst', 'symmetry_worst'] 
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In [37]: #Cross Validation to prevent overfitting 
 
def classification_model(model,data,prediction_input,output): 
     
    kf = KFold(data.shape[0], n_folds=5) 
    scores = [] 
    for train, test in kf:  
        train_X = (data[prediction_input].iloc[train,:]) 
        train_y = output.iloc[train] 
        model.fit(train_X, train_y) 
     
        # now do this for test data also 
        test_X=data[prediction_input].iloc[test,:] 
        test_y=output.iloc[test] 
        scores.append(model.score(test_X,test_y)) 
        # printing the score  
        print("Cross-Validation Score : %s" % "{0:.3%}".format(np.mean(s
cores))) 

In [23]: #Parameter search 
 
def gridsearch(model,param_grid,data_X,data_y): 
    clf = GridSearchCV(model,param_grid,cv=10,scoring="accuracy") 
     
    clf.fit(data_X,data_y) 
    print("The best parameter found on development set is: ") 
    print(clf.best_params_) 
    print("the best estimator is: ") 
    print(clf.best_estimator_)
    print("The best score is: ") 
    print(clf.best_score_) 
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In [96]: #SVM (Parameter Tuning) 
 

svm_model = svm.SVC() 

param_grid = [ 

              {'C': [0.001, 0.01, 0.1, 1, 10, 100, 1000],  

               'kernel': ['linear']

              }, 

              {'C': [0.001, 0.01, 0.1, 1, 10, 100, 1000],  

               'gamma': [0.1, 0.01, 0.001, 0.0001],  

               'kernel': ['rbf'] 

              }, 

 ] 

 

gridsearch(svm_model,param_grid,x_train,train_labels) 

In [48]: #SVM Training 
 

svm_model = svm.SVC(C=100, kernel= 'linear') 

svm_model.fit(train[columns_total], train_labels) 

prediction=svm_model.predict(test[columns_total]) 

metrics.accuracy_score(prediction,test_labels) 

In [38]: #SVM CV 
 

svm_model = svm.SVC(C=100, kernel= 'linear') 

classification_model(svm_model,data,columns_total,data['diagnosis']) 

The best parameter found on development set is:  

{'kernel': 'linear', 'C': 100} 

the best estimator is:  

SVC(C=100, cache_size=200, class_weight=None, coef0=0.0, 

  decision_function_shape=None, degree=3, gamma='auto', kernel='linea

r', 

  max_iter=-1, probability=False, random_state=None, shrinking=True, 

  tol=0.001, verbose=False) 

The best score is:  

0.962637362637 

Out[48]: 0.97368421052631582

Cross-Validation Score : 91.228% 

Cross-Validation Score : 94.298% 

Cross-Validation Score : 95.029% 

Cross-Validation Score : 95.175% 

Cross-Validation Score : 95.255% 



5/1/2017 Final Project

http://localhost:8888/nbconvert/html/Final%20Project.ipynb?download=false 14/20

In [101]: #Decision Tree (Parameter Tuning) 
 

param_grid = {'max_features': ['auto', 'sqrt', 'log2'], 

              "min_samples_split": [2, 10, 20], 

              "max_depth": [None, 2, 5, 10], 

              "min_samples_leaf": [1, 5, 10], 

              "max_leaf_nodes": [None, 5, 10, 20], 

              } 

 

dec_tree= DecisionTreeClassifier() 

gridsearch(dec_tree,param_grid,train[columns_total],train_labels) 

In [26]: #Decision Tree Training 
 

dec_tree= DecisionTreeClassifier(max_features='auto', max_leaf_nodes= No

ne,  

                                 min_samples_split= 2, max_depth= None, 

min_samples_leaf= 1)

dec_tree.fit(train[columns_total], train_labels) 

prediction=dec_tree.predict(test[columns_total]) 

metrics.accuracy_score(prediction,test_labels) 

In [45]: #Decision Tree CV 
 

dec_tree = DecisionTreeClassifier(max_features='auto', max_leaf_nodes= N

one, 

                                 min_samples_split= 2, max_depth= None, 

min_samples_leaf= 1)

classification_model(dec_tree,data,columns_total,data['diagnosis']) 

The best parameter found on development set is:  

{'max_features': 'auto', 'max_leaf_nodes': None, 'min_samples_split':

 2, 'max_depth': None, 'min_samples_leaf': 1} 

the best estimator is:  

DecisionTreeClassifier(class_weight=None, criterion='gini', max_depth=N

one, 

            max_features='auto', max_leaf_nodes=None, 

            min_impurity_split=1e-07, min_samples_leaf=1, 

            min_samples_split=2, min_weight_fraction_leaf=0.0, 

            presort=False, random_state=None, splitter='best') 

The best score is:  

0.958241758242 

Out[26]: 0.95614035087719296

Cross-Validation Score : 92.982% 

Cross-Validation Score : 93.421% 

Cross-Validation Score : 94.152% 

Cross-Validation Score : 94.079% 

Cross-Validation Score : 93.316% 
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In [29]: #Logistic Regression (Parameter Tuning) 
 

param_grid = {'C': [0.001, 0.01, 0.1, 1, 10, 100, 1000]} 

 

print('l1') 
log_reg = LogisticRegression(penalty = 'l1') 

gridsearch(log_reg,param_grid,train[columns_total],train_labels) 

 

print('l2') 
log_reg = LogisticRegression(penalty = 'l2') 

gridsearch(log_reg,param_grid,train[columns_total],train_labels) 

In [30]: #Logistic Regression (L1) 
 

log_reg = LogisticRegression(C=100, class_weight=None, dual=False, fit_i

ntercept=True, 

          intercept_scaling=1, max_iter=100, multi_class='ovr', 

n_jobs=1, 

          penalty='l1', random_state=None, solver='liblinear', tol=0.000

1, 

          verbose=0, warm_start=False) 

log_reg.fit(train[columns_total], train_labels) 

prediction=log_reg.predict(test[columns_total]) 

metrics.accuracy_score(prediction,test_labels) 

l1 

The best parameter found on development set is:  

{'C': 100} 

the best estimator is:  

LogisticRegression(C=100, class_weight=None, dual=False, fit_intercept=

True, 

          intercept_scaling=1, max_iter=100, multi_class='ovr', n_jobs=

1, 

          penalty='l1', random_state=None, solver='liblinear', tol=0.00

01, 

          verbose=0, warm_start=False) 

The best score is:  

0.969230769231 

l2 

The best parameter found on development set is:  

{'C': 1000} 

the best estimator is:  

LogisticRegression(C=1000, class_weight=None, dual=False, fit_intercept

=True, 

          intercept_scaling=1, max_iter=100, multi_class='ovr', n_jobs=

1, 

          penalty='l2', random_state=None, solver='liblinear', tol=0.00

01, 

          verbose=0, warm_start=False) 

The best score is:  

0.962637362637 

Out[30]: 0.98245614035087714
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In [31]: #Logistic Regression (L2) Training 
 

log_reg = LogisticRegression(C=1000, class_weight=None, dual=False, fit_

intercept=True,

          intercept_scaling=1, max_iter=100, multi_class='ovr', 

n_jobs=1, 

          penalty='l2', random_state=None, solver='liblinear', tol=0.000

1, 

          verbose=0, warm_start=False) 

log_reg.fit(train[columns_total], train_labels) 

prediction=log_reg.predict(test[columns_total]) 

metrics.accuracy_score(prediction,test_labels) 

In [46]: #Logistic Regression CV (L1) 
 

log_reg = LogisticRegression(C=100, class_weight=None, dual=False, fit_i

ntercept=True, 

          intercept_scaling=1, max_iter=100, multi_class='ovr', 

n_jobs=1, 

          penalty='l1', random_state=None, solver='liblinear', tol=0.000

1, 

          verbose=0, warm_start=False) 

classification_model(log_reg,data,columns_total,data['diagnosis']) 

In [47]: #Logistic Regression CV (L2) 
 

log_reg = LogisticRegression(C=1000, class_weight=None, dual=False, fit_

intercept=True,

          intercept_scaling=1, max_iter=100, multi_class='ovr', 

n_jobs=1, 

          penalty='l2', random_state=None, solver='liblinear', tol=0.000

1, 

          verbose=0, warm_start=False) 

classification_model(log_reg,data,columns_total,data['diagnosis']) 

Out[31]: 0.99122807017543857

Cross-Validation Score : 94.737% 

Cross-Validation Score : 96.053% 

Cross-Validation Score : 96.784% 

Cross-Validation Score : 96.930% 

Cross-Validation Score : 97.013% 

Cross-Validation Score : 93.860% 

Cross-Validation Score : 96.053% 

Cross-Validation Score : 96.491% 

Cross-Validation Score : 96.272% 

Cross-Validation Score : 95.956% 
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In [39]: #Random Forest Parameter Tuning 
 

param_grid = {"max_depth": [None, 2, 5, 10], 

              'max_features': ['auto', 'sqrt', 'log2'], 

              "min_samples_split": [2, 10, 20], 

              "min_samples_leaf": [1, 5, 10], 

              "bootstrap": [True, False], 

              "criterion": ["gini", "entropy"]} 

 

rand_forest = RandomForestClassifier(n_estimators=100) 

gridsearch(rand_forest,param_grid,train[columns_total],train_labels) 

In [40]: #Random Forest Training  
 

rand_forest = RandomForestClassifier(bootstrap=True, class_weight=None, 

criterion='entropy', 

            max_depth=None, max_features='log2', max_leaf_nodes=None, 

            min_impurity_split=1e-07, min_samples_leaf=1, 

            min_samples_split=10, min_weight_fraction_leaf=0.0, 

            n_estimators=100, n_jobs=1, oob_score=False, random_state=No

ne, 

            verbose=0, warm_start=False) 

rand_forest.fit(train[columns_total], train_labels) 

prediction=rand_forest.predict(test[columns_total]) 

metrics.accuracy_score(prediction,test_labels) 

The best parameter found on development set is:  

{'bootstrap': True, 'min_samples_leaf': 1, 'min_samples_split': 10, 'cr

iterion': 'entropy', 'max_features': 'log2', 'max_depth': None} 

the best estimator is:  

RandomForestClassifier(bootstrap=True, class_weight=None, criterion='en

tropy', 

            max_depth=None, max_features='log2', max_leaf_nodes=None, 

            min_impurity_split=1e-07, min_samples_leaf=1, 

            min_samples_split=10, min_weight_fraction_leaf=0.0, 

            n_estimators=100, n_jobs=1, oob_score=False, random_state=N

one, 

            verbose=0, warm_start=False) 

The best score is:  

0.96043956044 

Out[40]: 0.98245614035087714
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In [48]: #Random Forest CV 
 
rand_forest = RandomForestClassifier(bootstrap=True, class_weight=None, 
criterion='entropy', 
            max_depth=None, max_features='log2', max_leaf_nodes=None, 
            min_impurity_split=1e-07, min_samples_leaf=1, 
            min_samples_split=10, min_weight_fraction_leaf=0.0, 
            n_estimators=100, n_jobs=1, oob_score=False, random_state=No
ne, 
            verbose=0, warm_start=False) 
classification_model(rand_forest,data,columns_total,data['diagnosis']) 

In [78]: #Onto Neural Network 
 
from keras.models import Sequential
from keras.layers import Dense
from keras.layers import Activation
from keras.layers.convolutional import Conv2D 
from keras.layers.pooling import MaxPooling2D 
from keras.layers import Flatten 
 
#redoing train/test split b/c previous split is not in right format 
X_train, X_test, y_train, y_test = train_test_split(data[features],  
                                                    data['diagnosis'].va
lues, test_size=0.2) 

In [106]: model = Sequential() 
model.add(Dense(input_dim=30, output_dim=30)) 
model.add(Activation('relu')) 
model.add(Dense(128)) 
model.add(Dense(10)) 
model.add(Activation('softmax')) 
model.compile(loss='sparse_categorical_crossentropy', optimizer='sgd', m
etrics=['accuracy'])

Cross-Validation Score : 92.982% 
Cross-Validation Score : 94.298% 
Cross-Validation Score : 95.906% 
Cross-Validation Score : 96.272% 
Cross-Validation Score : 96.487% 

/anaconda/lib/python2.7/site-packages/ipykernel/__main__.py:2: UserWarn
ing: Update your `Dense` call to the Keras 2 API: `Dense(units=30, inpu
t_dim=30)` 
  from ipykernel import kernelapp as app 



5/1/2017 Final Project

http://localhost:8888/nbconvert/html/Final%20Project.ipynb?download=false 19/20

In [110]: model.summary()

_________________________________________________________________ 

Layer (type)                 Output Shape              Param #    

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

dense_38 (Dense)             (None, 30)                930        

_________________________________________________________________ 

activation_21 (Activation)   (None, 30)                0          

_________________________________________________________________ 

dense_39 (Dense)             (None, 128)               3968       

_________________________________________________________________ 

dense_40 (Dense)             (None, 10)                1290       

_________________________________________________________________ 

activation_22 (Activation)   (None, 10)                0          

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

Total params: 6,188 

Trainable params: 6,188 

Non-trainable params: 0 

_________________________________________________________________ 



5/1/2017 Final Project

http://localhost:8888/nbconvert/html/Final%20Project.ipynb?download=false 20/20

In [111]: from sklearn.preprocessing import StandardScaler 
 
scaler = StandardScaler()
model.fit(scaler.fit_transform(X_train), y_train) 

In [112]: y_prediction = model.predict_classes(scaler.transform(X_test.values)) 
print ("\n\naccuracy" , np.sum(y_prediction == y_test) / float(len(y_tes
t))) 

Epoch 1/10 
455/455 [==============================] - 0s - loss: 0.1621 - acc: 0.9
604      
Epoch 2/10 
455/455 [==============================] - 0s - loss: 0.1523 - acc: 0.9
626      
Epoch 3/10 
455/455 [==============================] - 0s - loss: 0.1440 - acc: 0.9
670      
Epoch 4/10 
455/455 [==============================] - 0s - loss: 0.1370 - acc: 0.9
626      
Epoch 5/10 
455/455 [==============================] - 0s - loss: 0.1312 - acc: 0.9
692      
Epoch 6/10 
455/455 [==============================] - 0s - loss: 0.1265 - acc: 0.9
714      
Epoch 7/10 
455/455 [==============================] - 0s - loss: 0.1221 - acc: 0.9
736      
Epoch 8/10 
455/455 [==============================] - 0s - loss: 0.1182 - acc: 0.9
714      
Epoch 9/10 
455/455 [==============================] - 0s - loss: 0.1143 - acc: 0.9
736      
Epoch 10/10 
455/455 [==============================] - 0s - loss: 0.1114 - acc: 0.9
736      

Out[111]: <keras.callbacks.History at 0x122d44ed0>

 32/114 [=======>......................] - ETA: 0s('\n\naccuracy', 0.98
245614035087714) 


