Chapter 15 )
Boosting and Stacking s

15.1 The Problem

The ensemble technique relies on an aggregate of models’ output to provide a better
prediction. Other than voting and bagging, we can use boosting and stacking.

15.2 Boosting

Boosting (or hypothesis boosting) refers to an ensemble method that builds a strong
learner out of a combination of weak learners (i.e., learners that perform slightly
better than random guessing). The predictors are trained sequentially, and each
subsequent predictor tries to correct the current one [1]. The dataset is the same
for all algorithms; however, each data instance is subject to a weight based on the
outcome of the previous model’s success [2]; in each iteration, to factor in the
prediction difficulty of incorrectly classified instances, their weight is increased.
We usually use this technique when learning a new skill, as we focus our attention on
difficult aspects. Boosting algorithms differ in the way they calculate the weights
(Fig. 15.1).

15.3 Stacking

In stacking (or stacking generalization [3]), the outputs of several algorithms are
used as the input of the main algorithm (called sometime the blender [1]) that is
supposed to make the final prediction. Practically, we feed the blender with the
predicted outcomes of the preceding algorithms. The training dataset is divided into
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Fig. 15.1 Boosting in action
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two parts, a subset (a holdout) to train the blender and a subset to train the other
algorithms. The blender uses the outcomes of the other algorithms as input features
and the labels from the holdout dataset to train the blender. The blender will learn to
predict the labels based on the input features (i.e., the outcomes of the algorithms).

What we have just explained is a stacking mechanism with two layers and one
blender. It is possible to create stacking with more than two layers; for instance, in
stacking with three layers, the dataset is split into three subsets. The first is used at
layer 1 to generate the outcomes, which will act as input for the first blender at layer
2, which will also use the labels of the second subset for training. The second blender
at layer 3 will act similarly, i.e., it uses the outcomes of layer 2 and the labels of the
third subset for training.

15.4 Boosting Example
15.4.1 AdaBoost Algorithm

AdaBoost is a boosting algorithm that focuses its attention on the training instances
that the predecessor algorithm misclassified [4].

Initially, each instance of the dataset is assigned equal weight. Using the training
dataset, AdaBoost trains a weak learner classifier, such as a decision tree with one
level (called a decision stump). Then, AdaBoost uses the developed model to make
predictions about the training dataset and increases the weight for the misclassified
instances. The dataset with the updated weights is then used for training in the next
iteration. The process continues until the desired number of classifiers is reached or
no further improvement in classification can be made.

Once trained, AdaBoost makes predictions by calculating all the predictions of all
the predictors, weighting them using the predictors’ weights. The predicted class is
determined by the majority of the weighted votes [1].

At each iteration, AdaBoost focuses on misclassified instances; this strategy
improves the performance of the weak classifiers drastically (Fig. 15.2).

The following is a summary of the training of AdaBoost algorithm for a dataset of

m instances and N predictors:
Initialize the weights w = 1
Forj=1to N

Begin For j

1. Fori=1tom
Begin For i

(i)

Calculate jth prediction §j[ for each instance x*’

End For i
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Fig. 15.2 Overview of AdaBoost

2. Calculate the jth predictor’s error rate

(for 30 y<i>) f: W)

i=1

rj:

3 il

i=1

~

y]'l)

where is the jth prediction for the instance i

3. Calculate the jth predictor’s weight

T

aj=n log o

where 7 is the learning rate (by default, # = 1).
4. Update the instances’ weights
Fori=1tom

Begin For i

End For i

5. Normalize the weights
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Fori=1tom

Begin For i
. (@)
wi) = mW
Z w(’)
i=1
End For i
End For j

To predict using AdaBoost, for a new instance, the weak learners calculate in
sequence a predicted value as either +1 (for first class) or —1 (for the second class);
each prediction is weighted by the predictor’s weight. The weighted sum is calcu-
lated; AdaBoost assigns the instance to the first class if the weighted sum is positive
and to the second class otherwise. Classifying an instance x with AdaBoost with
N predictors can be summarized as follows:

N
3(x) = argmax a;
(x) gk Z i

15.4.2 AdaBoost Example

Download the “Iris” file from the Weka datasets or from the Kaggle website using
the following link: https://www kaggle.com/uciml/iris. Open the file in Weka and
choose the AdaBoost algorithm in the Classify tab (Fig. 15.3).

Check the AdaBoost parameters and get acquainted with them (you can use the
More button for more information). Accept the default parameters. Explore partic-
ularly the Classifier parameter; you can choose classifiers other than the decision
stump (Fig. 15.4). Choose cross-validation with tenfolds (Fig. 15.5) and click the
Start button. The output window displays the AdaBoost results (Fig. 15.6).

AdaBoost has performed ten iterations of cross-validation, as per our request.
There are 143 (95.33%) correctly classified instances and seven (4.73%) incorrectly
classified ones. The root mean squared error (RMSE) that we are trying to minimize
is 0.1729. We can notice that the class Iris-setosa was clearly identified with a perfect
area under the curve (AUC) (i.e., ROC area). The AUCs for Iris-versicolor and Iris-
virginica were 0.92 and 0.93, respectively, indicating a high ability of the model to
classify both types of irises. The confusion table shows five Iris-versicolor
incorrectly classified as Iris-virginica and two Iris-virginica incorrectly classified
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as Iris-versicolor. The window shows at the top that the classification was based on
the petal length value 2.45 to differentiate between the Iris-setosa and the two other
types, the decision being if petal length value is <2.45, then the flower is Iris-setosa.

15.5 Key Terms

. Boosting

. Hypothesis boosting
. Weak learners

. Stacking

. Blender

. Holdout sample

. AdaBoost

. Decision stump
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15.6 Test Your Understanding

| €9 weka.gui.GenericObjectEditor x|
weka.classifiers. meta AdaBoostM1

About
r . |

Class for boosting a nominal class classifier using the | More |
Adaboost M1 method. —
| Capabilities |

batchSize | 100

classifier | Choose !Dacisinnstm

debug |False

E & |

doNotCheckCapabilities | False

numDecimalPlaces 2

numiterations 10

resume |False - o |_v]
seed 1
useResampling [False q
weightThreshold 100 | Whether resampling is used LB
[ Open... J l Save... J [ 0K J [ Cancel J

Fig. 15.4 AdaBoost parameters in Weka

15.6 Test Your Understanding

1. Explain how stacking functions.

2. Describe boosting.

3. What are some of the challenges in boosting?
4. What is a decision stump?

5. Cite some of the hyperparameters of AdaBoost.
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Fig. 15.5 Choosing to train Classifier

the model using cross- &

validation with tenfolds Choose |AdaBoostM1-P 100-S1-110-4
Test options =

() Use training set
) Supplied test set

® Cross-validation Folds 10

() Percentage split

L More options... J

(Nom) class v

| Start J

Result list (right-click for options)

15.7 Read More

. Abbruzzo, A., Tamburo, E., Varrica, D., Dongarra, G., & Mineo, A. (2016).

Penalized linear discriminant analysis and Discrete AdaBoost to distinguish
human hair metal profiles: The case of adolescents residing near Mt. Etna.
Chemosphere, 153, 100—106. doi: 10.1016/j.chemosphere.2016.03.029

. Barczak, A. L. C., Johnson, M. J., & Messom, C. H. (2008). Empirical evalu-

ation of a new structure for AdaBoost. Paper presented at the Proceedings of the
2008 ACM symposium on Applied computing, Fortaleza, Ceara, Brazil. https://
doi.org/10.1145/1363686.1364109

. Bartlett, P. L., & Traskin, M. (2007). AdaBoost is Consistent. J. Mach. Learn.

Res., 8, 2347-2368.

. Cai, W., Qiu, L., Li, W., Yu, J.,, & Wang, L. (2019). Practical Fall Detection

Algorithm based on Adaboost. Paper presented at the Proceedings of the 2019
4th International Conference on Biomedical Signal and Image Processing
(ICBIP 2019), Chengdu, China. https://doi.org/10.1145/3354031.3354056

. Carreras, X., Marquez, L., & Padr6, L. (2002). Named Entity Extraction using

AdaBoost. Paper presented at the proceedings of the 6th conference on Natural
language learning - Volume 20. https://doi.org/10.3115/1118853.1118857

. Carreras, X., Marquez, L., & Padré, L. (2003). A simple named entity extractor

using AdaBoost. Paper presented at the Proceedings of the seventh conference


https://doi.org/10.1145/1363686.1364109
https://doi.org/10.1145/1363686.1364109
https://doi.org/10.1145/3354031.3354056
https://doi.org/10.3115/1118853.1118857

15.7 Read More 439

Classifier output

Class distributions r

petallength <= 2.45

Iris-setcsa Izis-versicelor Iris-virginica

1.0 0.0 0.0

petallength > 2.45

Iris-setcsa Iris-versicelor Iris-virginica
1.137847T€401045685E-17 0.40872185850793083 0.5512781005206517
petallength is missing

Iris-setosa Iris-versicelor Iris-virginica
0.15437422054320288 0.345625771056€577 0.4595599595959555

Weight: 0.&4

Humber of performed Iterations: 10

Time taken to build model: 0.01 seconds

=== Stratified cross-validation wes
=== Summary ===

Correctly Classified Instances 143 55,3333 %
Incorzectly Classified Instances 7 4.6667 %

Kappa statistic 0.53
Mean absolute error 0.06%
Root mean squared error 0.172%
Relative absclute error 15.5267 &

Root relative sguared srror 36.6863 %
Total Humber of Instances 150

=== Detailed Accuracy By Class ===

TP Rate FP Rate Frecisicn Recall F-Measure MCC ROC Azea FPRC Azea Class

1.000 0.000 1.000 1.000 1.000 1.000 1.000 1.000 Iris-setosa

0.5%00 0.020 0.957 0,900 0.928 0.8%94 0.963 0.85%4 Iris-versicolor

0.960 0.050 0.906 0.960 0.532 0.857 0,965 0.922 Iris-virginica
Weighted Rvwg. 0.553 0.023 0.954 0.553 0.553 0.831 0.97¢ 0.93%

=== Confusion Matrix m==

a b & <-- classified as
S0 0 01 &= Iris-setosa
045 51 b= Iris-versicolor v

Fig. 15.6 AdaBoost results when run on the iris dataset
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15.8 Lab

15.8.1 A Working Example in Python

The heart dataset that will be used for this lab can be downloaded from the
following link: https://www.kaggle.com/code/ysthehurricane/heart-failure-predic
tion-using-adaboost-xgboost/data.

That dataset contains 11 features that will be used to predict heart disease events:

Age: person’s age in years

Sex: person’s gender

ChestPainType: chest pain type

RestingBP: resting blood pressure in mm Hg
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* Cholesterol: serum cholesterol in mm/dL

* FastingBS: blood sugar measurement on fasting

* RestingECG: electrocardiogram results in resting

» MaxHR: maximum heart rate achieved

» ExerciseAngina: exercise-induced angina flag

* Oldpeak: old peak

» ST_Slope: the slope of the peak exercise

* HeartDisease: target class (1 for having heart disease and O for not)

15.8.1.1 Loading Heart Dataset

We start by importing the required libraries and loading the heart dataset (Fig. 15.7).
When you run the code, if you have not installed previously a needed library you will
receive an error message stating that the module was not found, in such cases you
need install the missing library using pip.

15.8.1.2 Visualizing Heart Dataset

The next step is to explore the heart dataset visually. We have opted to display the
plot heatmap correlations between features’ pairs (Fig. 15.8).

# Imports Required Libraries

import numpy as np

import pandas as pd # data processing

import matplotlib.pyplot as plt

import seaborn as sns

import warnings

warnings.filterwarnings('ignore')

from sklearn.metrics import confusion_matrix, accuracy_score,classification_report
%matplotlib inline

from sklearn.preprocessing import LabelEncoder, StandardScaler
from sklearn.metrics import f1_score, log_loss

from sklearn.model_selection impert train_test_split, KFold
from sklearn.svm import SVC

from sklearn.linear_model import LogisticRegression

from sklearn.neighbors import KNeighborsClassifier

from sklearn.naive_bayes import GaussianNB

from mlxtend.classifier impert StackingClassifier

import numpy as np
# load Heart dataset

df = pd.read_csv( 'heart.csv')

Fig. 15.7 Loading heart dataset into pandas
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#Data Visualisation

plt.figure(1)

sns.heatmap(df.corr())
plt.title('heart failure Correlation')

heart failure Correlation

-10
Age -

-08

RestingBP
Cholesterol
FastingBS
MaxHR
Oldpeak

HeartDisease

Age
Cholesterol
FastingBS -
MaxHR
Oldpeak -
HeartDisease -

Fig. 15.8 Visualizing heart dataset in heatmap

#Preprocess data: converting string to numeric
from sklearn.preprocessing import LabelEncoder
1bl=LabelEncoder()

df['Sex']=1bl.fit_transform(df['Sex'])

df ['RestingECG']=1bl.fit_transform(df['RestingECG'])

df ['ChestPainType']l=1bl.fit_transform(df['ChestPainType'])
df ['ExerciseAngina']=1bl.fit_transform(df['ExerciseAngina'l)
df['ST_Slope'l=1bl.fit_transform(df['ST_Slope'l)

Fig. 15.9 Preprocess data by mapping string values into numeric ones

15.8.1.3 Preprocess Data

The next step is to convert string values to numeric ones. We have used the

LabelEncoder do so (Fig. 15.9), can you achieve the same result using a different
approach? Try.
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15.8.1.4 Split and Scale Data

We can now choose the features and target, split the original dataset into training and
testing datasets and standardize both (Fig. 15.10).

15.8.1.5 Create AdaBoost and Stacking Models

We will use AdaBoost to create a boosting model with a learning_rate=0.01 and
n_estimators=500. We will also use a stacking approach using k-nearest neighbors
and Gaussian naive Bayes algorithms as classifiers and logistic regression as a
metaclassifier. Then, we train both models on the training dataset and make associ-
ated predictions using the testing dataset (Fig. 15.11).

Split Heart dataset into training/testing data

df.drop('HeartDisease', axis=1).values

X.reshape(-1,11)

df ['HeartDisease'].values

=y.reshape(-1,1)

_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3, random_state = 300)

e
nw uwn

# initializing scaler object
from sklearn.pipeline import Pipeline

scaler = StandardScaler()
X_train_new = scaler.fit_transform(X_train)
X_test_new = scaler.transform(X_test) # standardizing test data

Fig. 15.10 Split and scale heart dataset

from sklearn.ensemble import AdaBoostClassifier

#Create the Adaboost Classifier
adaBoost_clf = AdaBoostClassifier(n_estimators=5008, learning_rate=0.01, random_state=300)

#Create the Stacking Classifier

logR_clf = LogisticRegression()} # defining meta-classifier

knn_clf = KNeighborsClassifier{) # initialising KNeighbors Classifier

NB_c1f = GaussianNB() # initialising Naive Bayes

stack_clf = StackingClassifier(classifiers =[knn_clf, NB_clf], meta_classifier = logR_clf,
use_probas = True, use_features_in_secondary = True)

# Train the AdaBoost classifier
model = adaBoost_clf.fit(X_train_new, y_train)
adaboost_test_pred = model.predict(X_test_new)

# Train the Stacking classifier

model_stack = stack_clf.fit(X_train_new, y_train)
stack_test_pred = model_stack.predict(X_test_new)

Fig. 15.11 Create AdaBoost and stacking models
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15.8.1.6 Evaluate the AdaBoost and the Stacking Models

445

The next step is to evaluate the performance of the AdaBoost and Stacking models.
We opted to show in this lab the performance on the training and testing datasets for
exploration/learning purposes. Figure 15.12 shows the code and Figs. 15.13 and
15.14 show the performance results displayed for AdaBoost and Stacking,

respectively.

def print_score(st, y, y_pred):
print(st)

print(“accuracy score: {8:.4f}%\n".format(accuracy_score(y, y_pred)*108))
print(“Classification Report: \n {}\n".format{classification_report(y, y_pred)))

print("Confusion Matrix: \n {}\n".format{confusion_matrix(y, y_pred)))
sns.heatmap(pd.DataFrame(confusion_matrix(y,y_pred}))

plt.show()

#print Adaboost classifier model metrics results

print_score("Adaboost Model Performance on the Training Dataset:", y_train, adaboost_train_pred)
print_score("Adaboost Model Performance on the Testing Dataset:", y_test, adaboost_test_pred)

#print Stacking classifier model metrics results

print_score("Stacking Model Performance on the Training Dataset:", y_train, stack_train_pred)

print_score("Stacking Model Performance on the Testing Dataset:" , y_test, stack_test_pred)

Fig. 15.12 Calculating accuracy and confusion matrix for AdaBoost model
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Adaboost Model Performance on the Testing Dataset:
accuracy score: 86.5942%
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precision
@ @.92
1 @.83

accuracy
macro avg 8.87
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Confusion Matrix:
[[1e9 27]
[ 10 130]]

Fig. 15.13 AdaBoost Model Performance on the training and testing Datasets
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Stacking Model Performance on the Training Dataset:
accuracy score: 89.7196%

Classification Report:
precision recall fl-score support

@ 8.89 8.86 .88 274

A & 8.90 8.92 9.91 368

accuracy 8.90 642
macro avg 8.99 8.89 9.89 642
weighted avg 8.98 8.98 8.590 642

Confusion Matrix:
[[237 37]
[ 29 339])
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Stacking Model Performance on the Testing Dataset:
accuracy score: B6.9565%

Classification Report:
precision recall fl-score support

@ 8.91 @.82 8.86 136

1 @.84 @8.92 8.88 148

accuracy 8.87 276
macro avg @.87 a.87 8.87 276
weighted avg .87 .87 8.87 276

Confusion Matrix:
[[111 25]
[ 11 129]]

Fig. 15.14 Stacking Model Performance on the training and testing Datasets

15.8.1.7 Optimizing the Stacking and AdaBoost Models

The models’ performances on the testing datasets are fair. Let us explore the
performance of the optimized models after hyperparameter tuning. The results for
the Stacking and AdaBoost models are presented in Figs. 15.15 and 15.16,

respectively.

15.8.2 Do It Yourself

15.8.2.1 The Heart Disease Dataset Revisited

N =

about those results?

. Have you noticed any possible overfitting in the example above?
. Did you obtain the same results when you run your code? What do you think

3. During the evaluation step above, we have just applied the models to the testing
dataset. That is not the best option. What is a better approach?
4. Use cross-validation to redo the evaluation step.

15.8.2.2 The Iris Dataset

Download the iris dataset and do the following:
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from sklearn.model_selection impert GridSearchCV

sclf = StackingClassifier(classifiers=[knn_clf, NB_clf], meta_classifier=logR_clf)
params = {'kneighborsclassifier__n_neighbors': [1, 5],
‘meta_classifier_ C': [0.1, 10.0]}

grid = GridSearchCV(estimator=sclf,

param_grid=params,

cv=5,

refit=True)
grid. fit(X_test_new, y_test)
optimal_Stacking_pred= grid.predict(X_test_new)
print_score("Optimized Stacking Model Performance on the Testing Dataset:", y_test, optimal_Stacking_pred)

Optimized Stacking Model Performance on the Testing Dataset:
accuracy score: B88.8435%

Classification Report:
precision recall fl-score support

] 8.92 9.83 @.87 136

1 8.85 8.93 .89 149

accuracy 0.88 276
macro avg .88 B.88 @.88 276
weighted avg 0.88 0.88 0.88 276

Confusion Matrix:

[[113 23]

[ 10 130]]
-120
- 100
o0
- 60
-4
2

0 1

Fig. 15.15 Optimal stacking model performance

. Load the dataset into pandas.

. Visualize the dataset and calculate the highest correlations.
. Preprocess the data.

. Split the data.

. Create an AdaBoost model.

. Evaluate the AdaBoost model.

. Optimize the AdaBoost model.

. Create a stack model.

. Evaluate the stack model.

. Optimize the stack model.

. Compare the results between both models and deduce a conclusion.

— O O 00 1O\ N AW =
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ada_params={'n_estimators':[5@,100,200], 'learning_rate':[.001,0.01,.1]}

15 Boosting and Stacking

gsearch=GridSearchCV({estimatorsadaBoost_clf,param_grid=ada_params,scoring="accuracy’,n_jobs=1,cv=5)

gsearch. fit(X_test_new, y_test)

optimal_boost_pred= grid.predict(X_test_new)
print_score("Optimized AdaBoost Model Performance on the Testing Dataset:"

Optimized AdaBoost Model Performance on the Testing Dataset:

accuracy score: B8.9435%

Classification Report:

precision recall fl-score

] 9.92 8.83 8.

1 8.85 8.93 a.

accuracy a.
macro avg @.88 .88 a.
weighted avg 9.88 0.88 a.

Confusion Matrix:
[[113 23]
[ 18 130])

m

Fig. 15.16 Optimal AdaBoost model performance
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15.8.3 Do More Yourself

support

136
140

276
276
276

; ¥_test, optimal_boost_pred)

 https://www.kaggle.com/code/treina/titanic-with-adaboost/data

 https://www.kaggle.com/datasets/zaurbegiev/my-dataset

* https://www.kaggle.com/code/sid321axn/house-price-prediction-gboosting-

adaboost-etc/data
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