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1 ABSTRACT 
In this report, we will introduce and study some different classifiers of scikit-learn 

which is machine learning in Python. First, we apply 3 different classifications (SGD 

classifier, random forest classifier and k-nearest neighbors classifier) on a model of 

identifying a digit from 70,000 handwritten images and compare their advantages and 

disadvantages. Then we make the combination of the other 3 classifications(logistic 

regression classifier, decision tree classifier and k-nearest neighbors classifier) as a 

new ensemble classifier by the majority voting principle. We evaluate and tune the 

new ensemble classifier through the decision area. And the regularization parameter C 

of logistic regression classifier and the depth of decision tree are tuned by grid search. 

 
Key words: SGD classifier; random forest classifier; k-nearest neighbors classifier;  

logistic regression classifier; decision tree classifier; ensemble classifier 

 
 

2 INTRODUCTION   
Machine learning is the practice of programming computers to learn from data. It can 

simplify our complex problem and improve our performance. There are different types 

of machine learning systems, divide them into four categories according to the type and 

amount of human supervision during the training as Supervised learning, Unsupervised 

learning, Semi-supervised learning and Reinforcement learning. In the report, we 

mainly talk about the Supervised learning. 

  In Supervised learning, the data we feed into the algorithm should be with desired 

solution, are referred to as “labels”. Simply speaking, Supervised learning is composed 

of correlated dependent variables (with Y), and can be used for classification and 



regression. They are the most important Supervised learning algorithms-----K-nears 

neighbors, Logistic regression, Support vector machines, Decision trees and Random 

forests.  

  Classification is a technique to determine the category of a dependent variable based 

on one or more correlated dependent variables. It is a task that requires machine 

learning algorithms to learn how to assign class labels to examples based on the 

problem domain. The quality of the classification model is usually evaluated by the 

results of the classification prediction algorithm. Classification accuracy is a popular 

metric used to evaluate the performance of models based on predicted category labels. 

Classification accuracy is not perfect, but it's a good starting point for many sorting 

tasks. 

   

3 CLASSIFICATION 
  To go deeper classification systems, we work with the MNIST_784 data set which is 

a set of 70,000 images of digits handwritten by students and employees. What we need 

to do is to find that each image has a label and a digit that represents it. We use Scikit-

learn which has many functions for making classification. 

>>> from sklearn.datasets import fetch_openml 

>>> mn = fetch_openml('MNIST_784') 

>>> print(mn) 

{'data': array([[0., 0., 0., ..., 0., 0., 0.], 

       [0., 0., 0., ..., 0., 0., 0.], 

       [0., 0., 0., ..., 0., 0., 0.], 

       ..., 

       [0., 0., 0., ..., 0., 0., 0.], 

       [0., 0., 0., ..., 0., 0., 0.], 

       [0., 0., 0., ..., 0., 0., 0.]]), 'target': array(['5', '0', '4', ..., 

'4', '5', '6'], dtype=object), 'frame': None, 'categories': {}, 

'feature_names': ['pixel1', 'pixel2', ……]} 



>>> X, y = mn['data'], mn['target'] 

>>> X = np.array(X) 

>>> y = np.array(y) 

>>> np.save('data.npy', X) 

>>> np.save('label.npy', y) 

>>> print(X.shape) 

>>> print(y.shape) 

(70000, 784) 

(70000,) 

70,000 means the data set has 70,000 images and every image has 784 features. Since 

every pixel is one feature, then every image is 28X28 pixels so that it has 784 features. 

Then we randomly pick up one image to identify its digit from 70,000 images. 

>>> import matplotlib 

>>> import matplotlib.pyplot as plt 

>>> your_Digit = X[600] 

>>> Your_Digit = your_Digit.reshape(28, 28) 

>>> plt.imshow(Your_Digit, cmap=matplotlib.cm.binary, 

interpolation="nearest") 

>>> plt.axis("off") 

>>> plt.show() 

  As we can see the following image, it looks like the number 9, and we give it a label 

that tells us it is nine. 

 
Now we divide the data set into 2 sets, one for training, the other one for testing. 

X_tr, X_tes, y_tr, y_tes = X[:60000], X[60000:], y[:60000], y[60000:] 



We use cross validation to sort all the images for the training set. 

>>> import numpy as np 

>>> myData = np.random.permutation(50000) 

>>> X_tr, y_tr = X_tr[myData], y_tr[myData] 

Then we make it simple, what we want to do is identifying the digit, e.g. the 

number 6. The “6 detector” will be an example of the binary classifier to distinguish 

between 6 and not 6. 
>>> y_tr = y_tr.astype(np.int8) 

>>> Y_tr_6 = (y_tr == 6) 

>>> print(Y_tr_6) 

>>> Y_tes_6 = (y_tes == 6) 

>>> print(Y_tes_6) 

[False False False ...  True False False] 

[False False False ... False False False] 

  After that we choose a classifier to train it. 

 

4 SGD CLASSIFIER FOR BINARY CLASSIFICATION 
  Begin with the SGD (Stochastic Gradient Descent) classifier in Scikit-learn. SGD 

classifier is randomly selecting one sample from the training set in each iteration. 

When the sample size is extremely large, a model with a loss value within an 

acceptable range may be obtained without extracting all the samples. Stochastic 

Gradient Descent is a simple and effective method to determine what classifier (SVM 

or Logistic regression) is using the convex loss function. Stochastic Gradient Descent 

has been successfully applied to large-scale and sparse machine learning, and is often 

used in text classification and natural language processing. If the data is sparse, the 

classifier of this module can easily solve such a problem: more than 10^5 training 

samples, more than 10^5 features. And SGD classifier can be handled very large data 

set, not only binary classification, but also multi-class classification. 
>>> from sklearn.linear_model import SGDClassifier 

>>> mycl = SGDClassifier(random_state=4) 

>>> mycl.fit(X_tr, Y_tr_6) 



>>> select_digit = X[600] 

>>> print(mycl.predict([select_digit])) 

[False] 

random_state=4 represents that the new data after SGD classifier will not change. 

Then we pick a digit randomly from 70,000 images to test it whether it is 6. Now we 

are going to measure the SGD classifier performance by cross validation. 

>>> from sklearn.model_selection import StratifiedKFold 

>>> from sklearn.base import clone 

>>> n = 2 

>>> sf = StratifiedKFold(n, random_state=4) 

>>> for train_index, test_index in sf.split(X_tr, Y_tr_6): 

     cl = clone(mycl) 

     x_tr_fd = X_tr[train_index] 

     y_train_folds = Y_tr_6[train_index] 

     X_test_fold = X_tr[test_index] 

     y_test_fold = Y_tr_6[test_index] 

     cl.fit(x_tr_fd, y_train_folds) 

     y_pred = cl.predict(X_test_fold) 

     n_correct = sum(y_pred == y_test_fold) 

     print(n_correct / len(y_pred)) 

0.97764 

We use the StratifiedKFold class to perform stratified sampling that produces 2 folds 

that contain a ration for every class. Then every iteration in the code will create a 

clone of the classifier to make predictions on the test fold. Finally, it will count the 

number of correct predictions and their ratio. 

Then we will use cross_val_score() function to evaluate the SGD classifier by K-

fold cross validation. The K-fold cross validation means we will divide the training 

data into the number of K sets, then it will make prediction and evaluation on each 

fold. 

>>> from sklearn.model_selection import cross_val_score 

>>> scores = cross_val_score(mycl, X_tr, Y_tr_6, scoring='accuracy',     

cv=3) 

>>> print(scores) 

0.97992 



The number of scores represents the ration of accuracy of “correct prediction” on 

all folds. We can conclude that the advantage of SGD classifier is efficient and easy 

to implement (plenty of opportunities for code tuning), but there is some 

disadvantages, such SGD requires many hyperparameters, such as regular term 

parameters and iteration number and it is also sensitive to feature scaling.  

 

5 CONFUSION MATRIX 
There is not only one way to evaluate the classifier, but also can use confusion 

matrix. It is a much easier way to measure the performance by counting the number of 

times instances of class A are classified as class B. Now we use cross_val_predict() 

function, which is also used K-fold cross validation and returns prediction on each 

fold. It will also return a clean prediction for every instance in training set.       

>>> from sklearn.model_selection import cross_val_predict 

>>> y_train_pred = cross_val_predict(mycl, X_tr, Y_tr_6, cv=3) 

>>> from sklearn.metrics import confusion_matrix 

>>> mat = confusion_matrix(Y_tr_6, y_train_pred) 

>>> print(mat) 

[0.97666047 0.97216056 0.98061922] 

[[4     4277 772]                         

[404 4547]] 

In this matrix, we can see that each row is a class and each column is a predict 

class. Then the upper left represents the true negative(TN), the upper right is false 

positive(FP), the lower left represents false negative(FN) and the lower right is true 

positive(TP). We can calculate some ratio from this numbers. The accuracy of the 

positive prediction is Precision = TP/(FP+TP). The true positive rate, as known as 

Sensitivity or Recall = TP/(FN+TP). 

>>> from sklearn.metrics import precision_score, recall_score 

>>> print(precision_score(Y_tr_6, y_train_pred)) 

>>> print(recall_score(Y_tr_6, y_train_pred)) 

0.8548599360782102 

0.918400323167037 



     F1 score is also a metric which is the mean of combining precision and recall. F1= 2 

* precision *recall / (precision + recall). 

>>> from sklearn.metrics import f1_score 

>>> print(f1_score(Y_tr_6, y_train_pred)) 

0.885491723466407 

   

6 RECALL  TRADEOFF 
  SGD classifier makes classification decisions through computing the score based on 

the decision function and then compares the score to the threshold. If it is greater than 

this score, it will assign a class of "positive or negative" value to the instance. But we 

cannot set the threshold directly in Scikit learn, we first need to access the decision 

score which use prediction and by y calling the decision function. 

>>> any_digit = X[400] 

>>> y_sco = mycl.decision_function([any_digit]) 

>>> print(y_sco) 

>>> threshold = 0 

>>> y_any_digit_pre = (y_sco > threshold) 

>>> y_sco = cross_val_predict(mycl, X_tr, Y_tr_6, cv=3,    

method='decision_function') 

>>> from sklearn.metrics import precision_recall_curve 

>>> precisions, recalls, thresholds = precision_recall_curve(Y_tr_6, 

y_sco) 

>>> def plot_pre_re(pre, re, thr): 

     plt.plot(thr, pre[:-1], 'b-', label='precision') 

     plt.plot(thr, re[:-1], 'g-', label='Recall') 

     plt.xlabel('Threshold') 

     plt.legend(loc='upper left') 

     plt.ylim([0, 1]) 

>>> plot_pre_re(precisions, recalls, thresholds) 

>>> plt.show() 



 

It can be easily seen that when the threshold increases, the recall decreases and the 

precision also increases. 

 

7 ROC 
  ROC is Receiver Operating Characteristic curve which is used with binary 

classifiers. It plots the positive rate and false rate. The true positive rate = TP / (FN 

+TP). The false positive rate = FP/ (TN+FP). A diagonal line from (0, 0) to (1,1) 

divides the ROC space into two regions: upper left/lower right. The points above the 

line represent a good classification result (better than random classification), while the 

points below the line represent a poor classification result (worse than random 

classification). As the threshold is lowered, the ROC point moves up and to the right 

(or right/up) or does not move; But it never goes down (or left/or down) to the left. 
>>> from sklearn.metrics import roc_curve 

>>> fpr, tpr, thers = roc_curve(Y_tr_6, y_sco) 

>>> def roc_plot(fpr, tpr, label=None): 

     plt.plot(fpr, tpr, linewidth=2, label=label) 

     plt.plot([0, 1], [0, 1], "k--") 

     plt.axis([0, 1, 0, 1]) 

     plt.xlabel('This is the false rate') 

     plt.ylabel('This is the true rate') 

>>> roc_plot(fpr, tpr) 

>>> plt.show() 



 
 

8 SGD CLASSIFIER FOR MULTI-CLASS 
CLASSIFICATION 
  SGD classifier supports multi-class classifications by combining binary 

classifications in the form of "one-versus-all(OvA)". For each of the K classes, a 

binary classifier can be learned from it and the other K-1 classes. In testing, we will 

calculate the confidence for each classifier (e.g., the signed distance to the 

hyperplane) and select the class with the highest confidence. The advantage of “OvA” 

is that it is simple and efficient and can be solved by using logistic regression model. 

The disadvantage is that if there are many data categories, the number of positive and 

negative classes in each binary classification will be greatly different and the data will 

be unbalanced, which will affect the classification effect. 

  There is another way to deal with multi-class classifications, it is called “ OvO”, 

means that “ one-versus-one”. When there are too many categories, the classification 

effect will not be good. Therefore, we can use binary classification under the 

condition of many classes. Multi-classification problems based on binary 

classification are somewhat different from logistic regression problems. In the 

algorithm process, we only take two classes for binary classification each time, and 

the value is {-1, 1}. If there are K classes, then we need K*(K-1)/2 times of binary 

classifications. This approach is somewhat more efficient, although it requires more 

classifications, but only requires two classes to be compared at a time. And you do not 

usually have a data imbalance. The disadvantage is the need to classify the number of 

times, time complexity and space complexity are relatively high. 



>>> from sklearn import linear_model 

>>> sgd_cl = linear_model.SGDClassifier() 

>>> sgd_cl.fit(X_tr, y_tr) 

>>> sgd_cl.predict([any_digit]) 

>>> any_digit_scores = sgd_cl.decision_function([any_digit]) 

>>> print(any_digit_scores) 

[[-54165.59754244 -60030.85649004  16854.42746927 -15939.4386982 

  -49738.6967758  -25159.8326081   -6384.37710311 -48297.65241068 

  -30537.44352278 -50781.29858766]] 

The decision_function() can return 10 scores for one class. In the MNIST_784 data 

set, we use OvO strategy for classification ,it need 10*(10-1)/2=45 binary classifiers. 

 

9 RANDOM FOREST CLASSIFIER 
Random forest is an integrated algorithm made up of decision trees, which can 

perform well in many situations. There is no correlation between different decision 

trees. When we carry out the classification task, new input samples come in, and each 

decision tree in the forest will be judged and classified separately. Each decision tree 

will get its own classification result. Which one of the classification results of the 

decision tree has the best classification will be regarded as the final result by the 

random forest. 

Four steps to form a random forest: First, for a sample with size of N, there are N 

samples to be put back and extracted for 1 time, and N samples are finally formed. 

The selected N samples are used to train a decision tree as the samples at the root 

node of the decision tree. 

Second, when each sample has M attributes, and each node of the decision tree 

needs to be split, m attributes are randomly selected from these M attributes to meet 

the condition m << M. Then some strategies (such as information gain) is used to 

select one from the M attributes as the split attribute of the node. 

Third, each node in the decision tree is split according to 2nd step (it is easy to 

understand that if the next attribute selected by the node is the one that was just used 

when its parent was split, then the node has reached the leaf node and no further 

splitting is required). Until it can no longer split. Note that no pruning was done 

during the entire decision tree formation. 

Finally, follow 1st-3rd steps to build a large number of decision trees, thus forming a 

random forest. 



The strengths of Random forest is that it can produce data of very high dimensions 

(many features) without reduction and feature selection and it can determine how 

important a feature is. It also can judge different features and not easy to overfit. The 

training speed is relatively fast, and it is easy to make a parallel method. It's easy to 

implement and for unbalanced data sets, it can balance out errors. If a significant 

portion of the feature is missing, accuracy can still be maintained. 

Random forests also have some weaknesses that it has been shown to overfit for 

some noisy classification or regression problems. For the data of attributes with 

different values, attributes with more value division will have a greater impact on the 

random forest, so the attribute weights produced by the random forest on this kind of 

data are not credible. 
>>> from sklearn.ensemble import RandomForestClassifier 

>>> clf = RandomForestClassifier() 

>>> clf.fit(X_tr, y_tr) 

>>> clf.predict([any_digit]) 

>>> proba = clf.predict_proba([any_digit]) 

>>> print(proba) 

>>> from sklearn.model_selection import cross_val_predict 

>>> score_1 = cross_val_score(sgd_cl, X_tr, y_tr, cv=3, 

scoring="accuracy") 

>>> score_2 = cross_val_score(clf, X_tr, y_tr, cv=3, 

scoring="accuracy") 

>>> print(score_1) 

>>> print(score_2) 

[[0.02 0.   0.87 0.01 0.01 0.   0.04 0.   0.02 0.03]] 

[0.8551629  0.87346253 0.86385455] 

[0.96436071 0.96292074 0.96267851] 

Comparing with the scores of SGD classifier and Random forest classifier, we can 

see that Random forest classifier gets 10% more for the accuracy scores. The truth is 

that the higher value is, the better method is. 

 

10 KNN CLASSIFIER FOR MULTI-LABEL 
CLASSIFICATION 

KNN classifier stands for K-nearest neighbor classifier. It is one of the simplest 

methods in data classification technology. When we say K-nearest neighbors, we 



mean K nearest neighbors, and what we are saying is that every sample can be 

represented by its nearest K neighbors. 

The core idea of KNN algorithm is that if most of the K most adjacent samples of a 

sample in the feature space belong to a certain category, then the sample also belongs 

to this category and has the characteristics of samples on this category. This method 

only determines the category of the samples to be divided according to the category of 

the nearest one or several samples. The KNN method is only related to a very small 

number of adjacent samples in category decision making. Because the KNN method 

mainly depends on the surrounding limited adjacent samples, rather than the method 

of discriminating the class domain to determine the category, therefore, for the sample 

set to be divided which has a lot of crossover or overlap of the class domain, the KNN 

method is more suitable than other methods. 

The strengths of KNN classifier is that the theory is simple but mature and the 

algorithm which can be used to do classification, regression and nonlinear 

classification is easy to implement. The complexity of training time is O(n). No 

assumptions on data, high accuracy, insensitive to outlier. KNN is an online 

technology where new data can be added directly to the dataset without having to be 

retrained. 

But the weaknesses of KNN classifier are the following : first, there exists sample 

imbalance problems (where some categories have a large sample size and others have 

a small sample size) which cannot work well, and it requires a lot of memory. Second, 

for the data set with large sample size, the amount of calculation is relatively large 

(reflected in the distance calculation). Third, when the sample is not balanced, the 

prediction deviation is larger. For example, the sample of a certain category is less, 

while the sample of other categories is more. Last, KNN classifier carries out a global 

operation again for each classification. And the selection of K value is not optimal in 

theory, but is usually combined with K-fold cross validation to get the optimal 

selection of K value. 
>>> Y_tr_big = (y_tr >= 7) 

>>> Y_tr_odd = (y_tr % 2 == 1) 

>>> Y_multi = np.c_[Y_tr_big, Y_tr_odd] 

>>> from sklearn.neighbors import KNeighborsClassifier 

>>> kng_cl = KNeighborsClassifier() 

>>> kng_cl.fit(X_tr, Y_multi) 

>>> kng_cl.predict([any_digit]) 



 

>>> noise1 = np.random.randint(0, 101, (len(X_tr), 784)) 

>>> noise2 = np.random.randint(0, 101, (len(X_tes), 784)) 

>>> X_tr_mo = X_tr + noise1 

>>> X_tes_mo = X_tes + noise2 

>>> Y_tr_mo = X_tr 

>>> Y_tes_mo = X_tes 

>>> Digit = X_tes_mo[600] 

>>> Your_Digit = Digit.reshape(28, 28) 

>>> plt.imshow(Your_Digit, 

cmap=matplotlib.cm.binary,interpolation="nearest") 

>>> plt.axis("off") 

>>> plt.show() 

>>> kng_cl.fit(X_tr_mo, Y_tr_mo) 

>>> cl_digit = kng_cl.predict([X_tes_mo[600]]) 

>>> Digit2 = cl_digit.reshape(28, 28) 

>>> plt.imshow(Digit2, 

cmap=matplotlib.cm.binary,interpolation="nearest") 

>>> plt.axis("off") 

>>> plt.show() 

 

 
We start by creating the train and test sets by taking images from MNIST_784 data 

set. Then we use randint() function to add some noise to the pixel intensities. After 

each image is added some noise, KNN clustering is to be identify the image. 

Randomly pick a image from the test set and it is the left one which is the noise input 

image. Now we need to train the classifier and make the picture clean. So the clean 

right one is the target image.  



 

11 COMBINING DIFFERENT ALGORITHMS FOR 
CLASSIFICATION WITH MAJORITY VOTE 
 In this part, we will work with the most popular ensemble method that use the 

majority voting principle. Ensemble methods are techniques that create multiple 

models and then combine them to produce improved results. And the individual 

model’s variance should be independent. The pros of ensemble methods are that it 

usually produces more accurate solutions than a single model would. It will not only 

enhance robustness and reduce the risk which are mis selection and falling into a bad 

local minimum caused by a single model, but also can increase the hypothesis space. 

  The principle of majority voting is that for every model makes a prediction (votes) 

for each test instance and the final output prediction is the one that receives more than 

half of the votes. If none of the predictions get more than half of the votes, we may 

say that the ensemble method could not make a stable prediction for this instance. 

Although this is a widely used technique, we may try the most voted prediction (even 

if that is less than half of the votes) as the final prediction. 

  First, we need to implement the MVClassifier(). Then we use the parent classes 

BaseEstimator and ClassifierMixin to get base functionality for free, including the 

method get_params() to set and return the classifier’s parameters as well as the score 

method to calculate the prediction accuracy. And we also add the predict() method to 

predict the class label, the predict_proba() method is to return the average 

probabilities, which is useful to compute the ROC AUC. 

>>> import six 

>>> import matplotlib.pyplot as plt 

>>> import numpy as np 

>>> import time 

>>> from sklearn.base import BaseEstimator 

>>> from sklearn.base import ClassifierMixin 

>>> from sklearn.base import clone 

>>> from sklearn.pipeline import _name_estimators 

>>> from sklearn.preprocessing import LabelEncoder 

>>> from sklearn import datasets 

>>> from sklearn.model_selection import train_test_split 



>>> from sklearn.preprocessing import StandardScaler 

>>> from sklearn.model_selection import cross_val_score 

>>> from sklearn.linear_model import LogisticRegression 

>>> from sklearn.tree import DecisionTreeClassifier 

>>> from sklearn.neighbors import KNeighborsClassifier 

>>> from sklearn.pipeline import Pipeline 

>>> from sklearn.metrics import roc_curve 

>>> from sklearn.metrics import auc 

>>> from sklearn.model_selection import GridSearchCV 

>>> from itertools import product 

>>> class MVClassifier(BaseEstimator, ClassifierMixin): 

 

     def __init__(self, classifiers, vote='classlabel',  

weights=None): 

         self.classifiers = classifiers 

         self.named_classifiers = {key: value for key, value in 

_name_estimators(classifiers)} 

         self.vote = vote 

         self.weights = weights 

 

     def fit(self, x, y_): 

         self.lablenc_ = LabelEncoder() 

         self.lablenc_.fit(y_) 

         self.classes_ = self.lablenc_.classes_ 

         self.classifiers_ = [] 

         for cl in self.classifiers: 

              fitted_clf = clone(cl).fit(x, 

self.lablenc_.transform(y_)) 

             self.classifiers_.append(fitted_clf) 

           return self 

 

    def predict(self, x): 

        if self.vote == 'probability': 

            maj_vote = np.argmax(self.predict(x), axis=1) 

        else: 



            predictions = np.asarray([cl.predict(x) for cl in 

self.classifiers_]).T 

            maj_vote = np.apply_along_axis(lambda x_: 

np.argmax(np.bincount(x_, weights=self.weights)), axis=1, 

                                           arr=predictions) 

        maj_vote = self.lablenc_.inverse_transform(maj_vote) 

        return maj_vote 

 

    def predict_proba(self, x): 

        probas = np.asarray([cl.predict_proba(x) for cl in 

self.classifiers_]) 

        avg_proba = np.average(probas, axis=0, weights=self.weights) 

        return avg_proba 

 

    def get_params(self, deep=True): 

        if not deep: 

            return super(MVClassifier, self).get_params(deep=False) 

        else: 

            out = self.named_classifiers.copy() 

            for name, step in six.iteritems(self.named_classifiers): 

                for key, value in 

six.iteritems(step.get_params(deep=True)): 

                    out['%s__%s' % (name, key)] = value 

            return out 

Then we use the iris data set to test, which we only select 2 features, sepal width 

and petal length. And we only classify flower samples from 2 classes, Ir-Versicolor 

and Ir-Virginica to compute the ROC AUC. 

First step, build ensemble classifier and train evaluation. Construct logistic 

regression classifier, decision tree classifier and K-nearest neighbor classifier. Since 

different from decision trees, logistic regression and k-nearest neighbor algorithms are 

not scale-invariant, so features need to be standardized. 
>>> iris = datasets.load_iris() 

>>> X, y = iris.data[50:, [1, 2]], iris.target[50:] 

>>> le = LabelEncoder() 

>>> y = le.fit_transform(y) 



>>> X_train, X_test, y_train, y_test = train_test_split(X, y, 

test_size=0.5, random_state=1) 

>>> clf1 = LogisticRegression(penalty='l2', C=0.001, random_state=0) 

>>> clf2 = DecisionTreeClassifier(max_depth=1, criterion='entropy', 

random_state=0) 

>>> clf3 = KNeighborsClassifier(n_neighbors=1, p=2, 

metric='minkowski') 

>>> pipe1 = Pipeline([['sc', StandardScaler()], ['clf', clf1]]) 

>>> pipe3 = Pipeline([['sc', StandardScaler()], ['clf', clf3]]) 

>>> mv_clf = MVClassifier(classifiers=[pipe1, clf2, pipe3]) 

>>> clf_labels = ['Logistic Regression', 'Decision Tree', 'KNN', 

'Majority Voting'] 

>>> print('10-fold cross validation:\n') 

>>> all_clf = [pipe1, clf2, pipe3, mv_clf] 

>>> for clf, label in zip(all_clf, clf_labels): 

        scores = cross_val_score(estimator=clf, X=X_train, y=y_train, 

cv=10, scoring='roc_auc') 

        print("ROC AUC: %0.2f(+/-%0.2f)[%s]" % (scores.mean(), 

scores.std(), label)) 

 

>>> colors = ['black', 'orange', 'blue', 'green'] 

>>> linestyles = [':', '--', '-.', '-'] 

>>> for clf, label, clr, ls in zip(all_clf, clf_labels, colors, 

linestyles): 

        y_pred = clf.fit(X_train, y_train).predict_proba(X_test)[:, 

1] 

        fpr, tpr, thresholds = roc_curve(y_true=y_test, 

y_score=y_pred) 

        roc_auc = auc(x=fpr, y=tpr) 

        plt.plot(fpr, tpr, color=clr, linestyle=ls, label='%s(auc = 

%0.2f)' % (label, roc_auc)) 

>>> plt.legend(loc='lower right') 

>>> plt.plot([0, 1], [0, 1], linestyle='--', color='gray', 

linewidth=2) 

>>> plt.xlim([-0.1, 1.1]) 



>>> plt.ylim([-0.1, 1.1]) 

>>> plt.grid() 

>>> plt.xlabel('False Positive Rate') 

>>> plt.ylabel('True Positive Rate') 

>>> plt.show() 

 10-fold cross validation: 

 

ROC AUC: 0.97(+/-0.10)[Logistic Regression] 

ROC AUC: 0.93(+/-0.11)[Decision Tree] 

ROC AUC: 0.93(+/-0.15)[KNN] 

ROC AUC: 0.98(+/-0.05)[Majority Voting] 

 

It can be seen from the ROC results that the ensemble classifier performs well on 

the test set (ROC AUC=0.95), while the K-nearest neighbor classifier overfits the 

training data (ROC AUC on the training set =0.93, ROC AUC on the test set =0.86).  

Using 10-fold cross-validation as the evaluation criteria, the performance of 

MVClassifier() is qualitatively improved compared with that of every single 

classifier. Next step to evaluate classifier by decision region. 
>>> sc = StandardScaler() 

>>> X_train_std = sc.fit_transform(X_train) 

>>> x_min = X_train_std[:, 0].min() - 1 

>>> x_max = X_train_std[:, 0].max() + 1 

>>> y_min = X_train_std[:, 1].min() - 1 

>>> y_max = X_train_std[:, 1].max() + 1 



>>> xx, yy = np.meshgrid(np.arange(x_min, x_max, 0.1), 

np.arange(y_min, y_max, 0.1)) 

>>> f, axarr = plt.subplots(nrows=2, ncols=2, sharex='col', 

sharey='row', figsize=(7, 5)) 

>>> for idx, clf, tt in zip(product([0, 1], [0, 1]), all_clf, 

clf_labels): 

        clf.fit(X_train_std, y_train) 

        Z = clf.predict(np.c_[xx.ravel(), yy.ravel()]) 

        Z = Z.reshape(xx.shape) 

        axarr[idx[0], idx[1]].contourf(xx, yy, Z, alpha=0.3) 

        axarr[idx[0], idx[1]].scatter(X_train_std[y_train == 0, 0], 

X_train_std[y_train == 0, 1], c='blue', marker='^', 

                                  s=50) 

        axarr[idx[0], idx[1]].scatter(X_train_std[y_train == 1, 0], 

X_train_std[y_train == 1, 1], c='red', marker='o', 

                                  s=50) 

         axarr[idx[0], idx[1]].set_title(tt) 

>>> plt.text(-3.5, -4.5, s='Sepal width [standardized]', ha='center', 

va='center', fontsize=12) 

>>> plt.text(-10.5, 4.5, s='Sepal length [standardized]', 

ha='center', va='center', fontsize=12, rotation=90) 

>>> plt.show() 

>>> params = {'pipeline-1__clf__C': [0.001, 0.1, 100.0], 

'decisiontreeclassifier__max_depth': [1, 2]} 

>>> grid = GridSearchCV(estimator=mv_clf, param_grid=params, cv=10, 

scoring='roc_auc') 

>>> grid.fit(X_train, y_train) 

>>> for params, mean_score, std_score in 

zip(grid.cv_results_['params'], grid.cv_results_['mean_test_score'], 

                                         

grid.cv_results_['std_test_score']): 

         print("%0.3f+/-%0.4f%r" % (mean_score, std_score, params)) 

>>> print('Best parameters: %s' % grid.best_params_) 

>>> print('Accuracy: %.2f' % grid.best_score_) 

 



 

0.967+/-0.0500{'decisiontreeclassifier__max_depth': 1, 'pipeline-

1__clf__C': 0.001} 

0.967+/-0.0500{'decisiontreeclassifier__max_depth': 1, 'pipeline-

1__clf__C': 0.1} 

1.000+/-0.0500{'decisiontreeclassifier__max_depth': 1, 'pipeline-

1__clf__C': 100.0} 

0.967+/-0.0500{'decisiontreeclassifier__max_depth': 2, 'pipeline-

1__clf__C': 0.001} 

0.967+/-0.0500{'decisiontreeclassifier__max_depth': 2, 'pipeline-

1__clf__C': 0.1} 

1.000+/-0.0500{'decisiontreeclassifier__max_depth': 2, 'pipeline-

1__clf__C': 100.0} 

Best parameters: {'decisiontreeclassifier__max_depth': 1, 

'pipeline-1__clf__C': 100} 

Accuracy: 1.00 

It seems like that the Majority vote decision boundary looks similar with the KNN 

decision boundary. But you can see that it is orthogonal to the y axis for sepal width ³ 
1, just like the decision boundary of decision tree. The ensemble classifier is tuned, 

and the regularization parameter C of the logistic regression classifier and the depth of 



the decision tree are tuned by grid search. As the results show, the best cross-

validation results were obtained when the selection regularization intensity was small 

(C = 100.0), while the depth of the decision tree seemed to have no effect on 

performance, meaning that the use of a single decision tree was sufficient to partition 

the data. Hence, we may conclude that MVClassifier() is much more efficient and has 

higher accuracy of prediction than the other three individual classifiers. The ensemble 

classifier has better generalization performance. 
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