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Thank you!







Thank you for buying this book! It is intended to help you understanding Machine Learning and Deep learning with Python.















Book Objectives:







The Aims and Objectives of the Book:



	
To help you understand the basics of machine learning and deep learning.


	
Understand the various categories of machine learning algorithms.


	
To help you understand how different machine learning algorithms work.


	
You will learn how to implement various machine learning algorithms programmatically in Python.


	
To help you learn how to use Scikit-Learn and TensorFlow Libraries in Python.


	
To help you know how to analyze data programmatically to extract patterns, trends, and relationships between variables.









What do you need for this Book?







You are required to have installed the following on your computer:



	
Python 3.X


	
Numpy


	
Pandas


	
Matplotlib





The Author guides you on how to install the rest of the Python libraries that are required for machine learning and deep learning.







Who this Book is for?







Here are the target readers for this book:



	
Anybody who is a complete beginner to machine learning in Python.


	
Anybody who needs to advance their programming skills in Python for machine learning programming and deep learning.


	
Professionals in data science.


	
Professors, lecturers or tutors who are looking to find better ways to explain machine learning to their students in the simplest and easiest way.


	
Students and academicians, especially those focusing on neural networks, machine learning, and deep learning.









Why this Book is suitable for you?







If you want to learn machine learning and deep learning with Python, this is the best book for you.



Here are the reasons:



	
The author has explored everything about machine learning and deep learning right from the basics.


	
A simple language has been used.


	
Many examples have been given, both theoretically and programmatically.


	
Screenshots showing program outputs have been added.





The book is written chronologically, in a step-by-step manner
 .
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“Artificial intelligence would be the ultimate version of Google. The ultimate search engine that would understand everything on the web. It would understand exactly what you wanted, and it would give you the right thing. We're nowhere near doing that now. However, we can get incrementally closer to that, and that is basically what we work on.”











Larry Page















Introduction



Human beings are known to learn from their experiences. Consider a situation in which you are learning to read or speak a new language. You will show an improvement with time. Machine learning was borrowed from the concept of learning exhibited by human beings. When computer systems are exposed to the same situation repeatedly, they can show an improvement in the way they respond to that situation with time. Machine learning typically relies on data. It involves the design and development of computer systems that can extract patterns, trends, and relationships between various variables in a dataset. Such knowledge can then be used to predict what will happen in the future.



The increasing popularity of machine learning can be attributed to the same factors that are leading to an increased popularity of data mining. For instance, the amount of data available for machine learning increases every day. Data storage costs are going down each day. Cheaper and powerful forms of processing are discovered each day. This book is an exploration of machine learning and deep learning in detail. You will learn how to use Scikit-Learn and TensorFlow libraries in Python for machine learning tasks. Enjoy reading!
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Chapter 1- Getting Started


What is Machine Learning?




Machine learning is a branch of artificial intelligence that provides systems with the ability to learn from experience without being programmed explicitly. Machine learning is concerned with the development of computer applications that can access data and learn from it on themselves.



The learning process begins with data or observations, like instruction, direct experience or examples to extract patterns from the data and use these patterns to make predictions in the future. The primary goal of machine learning is to allow computers to learn automatically without intervention by humans and adjust accordingly.



With machine learning, we can analyze large quantities of data. Machine learning gives us profitable results but we may need a number of resourcess to reach this point. Additional time may be needed to train the machine learning models.




Classification of Machine Learning Algorithms




The Machine Learning algorithms can fall either in the supervised or unsupervised or reinforced learning.



 
Supervised Learning




For the case of supervised learning, the human is expected to provide both the inputs and the outputs which are desired and furnish the feedback based on the accuracy of the predictions during training. After completion of the training, the algorithm will have to apply what was applied to the next data.



The concept of supervised learning can be seen to be similar to learning under a teacher’s supervision in human beings. The teacher gives some examples to the student, and the student then derives new rules and knowledge from these examples so as to apply this somewhere else.



It is also good for you to know the difference between the regression problems and classification problems. In regression problems, the target is a numeric value, while in classification, the target is a class or a tag. A regression task can help determine the average cost of all houses in London, while a classification task will help determine the types of flowers based on the length of their sepals and petals.



 
Unsupervised Learning




For the case of unsupervised learning, the algorithms do not expect to be provided with the output data. An approach called deep learning, which is an iterative approach is used so as to review the data and arrive at new conclusions. This makes them suitable for use in processing tasks which are complex compared to the supervised learning algorithms. This means that the unsupervised learning algorithms learn solely from examples without responses to these. The algorithm finds patterns from the examples on its own.



Supervised learning algorithms work similarly to how humans determine any similarities between two or more objects. Majority of recommender systems you encounter when purchasing items online work based on unsupervised learning algorithms. In this case, the algorithm derives what to suggest to you for purchase from what you have purchased before. The algorithm has to estimate the kind of customers whom you resemble, and a suggestion is drawn from that.



 
Reinforcement Learning




This type of learning occurs when the algorithm is presented with examples which lack labels, as it is the case with unsupervised learning. However, the example can be accompanied by a positive or a negative feedback depending on the solution which is proposed by the algorithm. It is associated with applications in which the algorithm has to make decisions, and these decisions are associated with a consequence. It is similar to trial and error in human learning.



Errors become useful in learning when they are associated with a penalty such as pain, cost, loss of time etc. In reinforced learning, some actions are more likely to succeed compared to others.



Machine learning processes are similar to those of data mining and predictive modelling. In both cases, searching through the data is required so as to draw patterns then adjust the actions of the program accordingly. A good example of machine learning is the recommender systems. If you purchase an item online, you will get an ad which is related to that item, and that is a good example of machine learning.




What is Deep Learning?




Deep learning is a subfield of machine learning involving algorithms that are inspired by the function and structure of the brain known as artificial neural networks. It teaches computers to do what is natural to humans, that is, learn by example. It is the technology behind the concept of the driverless car.



It is through deep learning that a computer is able to learn to perform classification tasks directly from text, images or sound. Deep learning models are able to achieve a state-of-the-art accuracy, which in some cases exceeds human-level performance. Large sets of labelled data and neural network architectures are used to train models in deep learning.




What is Scikit-Learn?




Scikit-learn provides its users with a number of supervised and unsupervised learning algorithms through a consistent Python interface. It was initially developed by
 David Cournapeau in 2007 as a Google Summer of code project. Scikit-learn is suitable for both academic and commercial use.



Scikit-learn has been in use as a machine learning library in Python. It comes with numerous classification, regression and clustering algorithms including gradient boosting, support vector machines (SVMs), random forests, k-means, and DBSCAN. Scikit-learn was designed to be used with other Python libraries including Numpy and SciPy.



The library itself was written in Python and some of its algorithms were written in Cython to offer a better performance. Scikit-learn is a good library for building machine learning models. The library is open source and it is under BSD license.




What is TensorFlow?




TensorFlow is a framework from Google used for the creation of deep learning models. TensorFlow relies on data-flow graphs for numerical computation. TensorFlow has made machine learning easy. It makes the processes of acquiring data, training machine learning models, making predictions and modifying future results easy.



The library was developed by Google’s Brain team for use in large-scale machine learning. TensorFlow brings together machine learning and deep learning algorithms and models and it makes them much useful via a common metaphor. TensorFlow uses Python to give its users a front-end API that can be used for building applications, with the applications being executed in high-performance C++.



TensorFlow can be used for building, training and running deep neural networks for image recognition, handwritten digit classification, recurrent neural networks, word embedding, natural language processing etc.















Chapter 2- Environment Setup

Before getting into the practical part of machine learning and deep learning, we need to install our two libraries, that is, Scikit-Learn and TensorFlow.




Installing Scikit-Learn




Scikit-learn is supported in Python 2.7 and above. Before installing Scikit-learn, ensure that you have Numpy and SciPy libraries already installed. Also, ensure that you have the latest versions of these libraries. Once you have installed these, you can go ahead to install Scikit-learn on your machine.



The installation of these libraries can be done using pip. Pip is a tool that comes with Python, meaning after installing Python, you get pip. To install scikit-learn, run the following command on the terminal of your operating system:



pip install scikit-learn



The installation should run and come to a completion.



You can also use conda to install scikit-learn. This can be done by
 running the following command:



conda install scikit-learn



Once the installation of sckit-learn is complete, you need to import it into your Python program in order to use its algorithms. This can be done by using the
 import
 statement as shown below:



import sklearn



If the command runs without an error, know that the installation of scikit-learn was successful. If the command generates an error, note that the installation was not successful.



You can now use scikit-learn to create your own machine learning models.




Installing TensorFlow




TensorFlow comes with APIs for programming languages like
 C++, Haskell, Go, Java, Rust, and it comes with a third-party package for R known as
 tensorflow
 .
 We will be guiding you on how to install TensorFlow on Windows. On Windows, TensorFlow can be installed with pip or Anaconda.



The native pip will install the TensorFlow on your system without having to go through a virtual environment. However, note that the installation of TensorFlow with pip may interfere with other Python installations on your system. However, the good thing is that you only have to run a single command and TensorFlow will be installed on your system. Also, when TensorFlow is installed via pip, users will be allowed to run the TensorFlow programs from the directory they want.



To install TensorFlow with Anaconda, you may have to create a virtual environment. However, within the Anaconda itself, it is recommended that you install TensorFlow via the
 pip install
 command rather than the
 conda install
 command.



Ensure that you have installed Python 3.5 and above on your Windows system. Python3 comes with a pip3 program which can be used for installation of TensorFlow. This means we should use the
 pip3 install
 command for installation purposes. The following command will help you install CPU-only version for TensorFlow:



pip3 install --upgrade tensorflow



The command should be run from the command line:
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If you need to install a GPU version for TensorFlow, run this command:



pip3 install --upgrade tensorflow-gpu



This will install TensorFlow on your Windows system.



You can also install TensorFlow with the Anaconda package. Pip comes installed with Python, but Anaconda doesn’t. This means that to install TensorFlow with Anaconda, you should first install the Anaconda. You can download Anaconda from its website and find the installation instructions from the same site.



Once you install Anaconda, you get a package named
 conda
 ,
 which is good for the management of virtual environments and the installation of packages. To get to use this package, you should start the Anaconda.



On Windows, click Start, choose
 “All Programs”,
 expand the
 “Anaconda …”
 folder then click the “Anaconda Prompt”. This should launch the anaconda prompt on your system. If you need to see the details of the conda package. Just run the following command on the terminal you have just opened:



conda info



This should return more details regarding the package manager.
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There is something unique with Anaconda. It helps us create a virtual Python environment using the conda package. This virtual environment is simply an isolated copy of Python with the capability of maintaining its own files, paths, and directories so that you may be able to work with specific versions of Python or other libraries without affecting your other Python projects. Virtual environments provide us with a way of isolating projects and avoid problems that may arise as a result of version requirements and different dependencies across various components. Note that this virtual environment will remain separate from your normal Python environment meaning that the packages installed in the virtual environment will not affect the ones you have in your Python’s normal environment.



We need to create a virtual environment for the TensorFlow package. This can be done via the
 conda
 create
 command. The command takes the syntax given below:



conda create -n [environment-name]



In our case, we need to give this environment the name
 tensorenviron
 .
 We can create it by running the following command:



conda create -n tensorenviron



You will be asked whether to allow the process of creating the environment to continue or not. Type
 “y”
 and hit the enter key on the keyboard. The installation will continue successfully.
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After creating an environment, we should activate it so that we may be able to use it. The activation can be done using the
 activate
 command followed by the name of the environment as shown below:



activate tensorenviron



Now that you have activated the TensorFlow environment, you can go ahead and install TensorFlow package in it. You can achieve this by running the following command:



conda install tensorflow



You will be presented with a list of packages that will be installed together with the TensorFlow package. You will be prompted to permit the installation of these packages. Just type
 “y”
 then hit the enter key on your keyboard. The installation of the packages will begin immediately. Note that the installation process may take a number of minutes, so remain patient. However, the speed of your internet connection will determine how long this process takes. The progress of the installation process will also be shown on the prompt window.
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After some time, the installation process will complete and it is time for you to verify whether the installation was successful. We can simply do this by running the Python’s
 import
 statement. The statement should be run from the Python’s terminal. While on the Anaconda prompt, type
 python
 and hit the enter key. This should take you to the Python terminal. Now run the following
 import
 statement:



import tensorflow as tf



If the package was not installed successful, you will get an error, otherwise, the installation of the package was successful.










Chapter 3- Using Scikit-Learn




Now that you are done with the installations, you can begin to use the libraries. We will begin with the Scikit-Learn library.



To be able to use scikit-learn in your code, you should first import it by running this statement:



import sklearn




Loading Datasets




Machine learning is all about analyzing sets of data. Before this, we should first load the dataset into our workspace. The library comes loaded with a number of datasets that we can load and work with. We will demonstrate this by using a dataset known as
 Iris
 . This is a dataset of flowers. The following code shows how we can use scikit-learn to load the dataset:



# Import scikit-learn library



from sklearn import datasets



# Load iris dataset



iris= datasets.load_iris()



# Confirm by printing the shape of the data



print(iris.data.shape)







The code returns the following:
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The above output shows that the dataset has 150 rows and 4 columns. To print the whole data on the Python terminal, run the following statement:



print(iris.data)
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Chapter 4- Linear Regression with Scikit-Learn


We need to discuss Linear Regression in details and see how we can implement it with the scikit-learn library.



In Linear Algebra, the term “linearity” is used to denote the relationship between two or even more variables. If this relationship is represented in a two dimensional space, we end up with a straight line.



Consider a case in which we need to determine a linear relationship between the number of hours a student spends studying for a test and the percentage of marks the student scores in the test. We need to be able to tell the percentage of marks that a student can score if we are given the number of hours the student spent preparing for the test. If the independent variable (hours) is plotted on the x-axis while the dependent variable (percentage) is plotted on the y-axis, linear regression will give a straight line representing the best fit for the points.



The equation of a straight line is given by the following formula:



y = mx + b



In the above equation, m denotes the slope of the line while b denotes the intercept. This means that the linear regression algorithm gives us the most optimal values for the slope and the intercept. The variables x and y will remain the same as they are data features that cannot be changed. We can get many different lines depending on the values of slope and the intercept that we use. Basically, a linear regression algorithm works by fitting multiple lines on data points and returns the line with the least error.



The same can be extended in cases where we have more than two variables. This is referred to as
 multiple linear regression
 .
 In such a case, we have many independent variables upon which the dependent variable relies. A good example is when you need to predict the price of land based on factors the size of the land, the type of soil, the location of the land, the average income of the individuals in that area etc. The dependent price (price) depends on many independent variables. A regression model with multiple variables can be rep-resented as follows:



y = b0 + m1b1 + m2b2 + m3b3 + ... mnbn



The above formula is an equation for a hyper plane.



Now that you are conversant with the concept of Linear Regression, let us see how we can implement Linear Regression functions in the Scikit-Learn library. We will begin with a simple linear regression involving two variables then proceed to a multiple linear regression involving many variables.




Simple Linear Regression




We need to use our previous example, which is, predicting the number of marks a student will score in a test depending on the number of hours they have studied for the test. It is a simple linear regression task since we only have two variables.




Import Libraries




Run the following Python statements tom import all the necessary libraries:



import numpy as np



import pandas as pd



import matplotlib.pyplot as plt



I have the dataset saved in an MS Excel file named
 student_marks.csv
 .
 I have kept this file in the directory where I save my Python scripts, so I will not have to give the path leading to the file. The .csv extension in the filename shows that it is a comma separate values file.



The following statement will help us to import the dataset into the workspace. We are using the Pandas library (we imported it as
 pd
 )
 for this:



dataset = pd.read_csv('student_marks.csv')



We can now explore the dataset to know more about it and see what it has. Go directly to the Python terminal and type this:



dataset.shape



Which returns the following:
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Which means that the dataset has 25 rows and 2 columns.



To see the first five rows of the data, call
 head()
 function as follows:



dataset.head()
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However, you may get an error when you attempt to print the data as shown above. The cause of the error could be that Pandas is looking for the amount of information to display, so you should provide sys output information.



The error can be solved by modifying your code to the following:



import numpy as np



import pandas as pd



import matplotlib.pyplot as plt



import sys



sys.__stdout__ = sys.stdout



dataset = pd.read_csv('student_marks.csv')



print(dataset.head())



We have simply provided the information to the
 sys
 library.



To see the statistical details of the dataset, we call the
 describe()
 function as follows:



dataset.describe()
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We can now plot the data points on a 2-D graph and see how they are distributed. You no appreciate why we imported the
 Matplotlib
 library. The following code will help you to plot the datapoints:



dataset.plot(x='Hours', y='Marks', style='o')



plt.title('Hours vs Marks(%)')



plt.xlabel('Hours')



plt.ylabel('Marks (%)')



plt.show()



The code returns the following plot:
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We have called the
 plot()
 function provided by the Pandas library. We passed the column names to this function and it was able to create and display the plot. The
 show()
 function helped us to display the plot.




Data Preparation




Preparation of the data should involve subdividing it into
 attributes
 and
 labels
 .
 Attributes should form the independent variables while labels should form the dependent variables whose values we need to predict. Our dataset has only two columns. We are predicting Marks based on Hours. This means Hours will form the attribute while Marks will form the label. The attributes and labels can be extracted by running the following code:



X = dataset.iloc[:, :-1].values



y = dataset.iloc[:, 1].values



The X variable will store the attributes. Note that we have used -1 because we need all columns to be assigned to attributes except the last one, that is, Marks. The y variable will store the labels. Here, we have used 1 since the column for Marks is at index 1. Remember that column indexes begin at index 0.



At this point, we have the attributes and labels for the dataset. We need to divide our data into two sets, namely the
 training
 and
 test
 sets. The Scikit-Learn library provides us with a method named “train_test_split()” which can be used for this. It can be used as shown below:



First, import the above method from Scikit-Learn:



from sklearn.model_selection import train_test_split



Now run the following statement:



X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=0)



Notice the use of 0.2 for the
 test_size
 parameter. This means that 20% of the data will be used as the test set while the remaining 80% will be used as the training set.




Training the Algorithm




We will be training the algorithm using the
 LinearRegression
 class which must be imported from Scikit-Learn. The import can be done as follows;



from sklearn.linear_model import LinearRegression



Now that we have imported the class, we need to instantiate it and give the instance the name
 linear_regressor
 . This is demonstrated below:



linear_regressor = LinearRegression()



Let us now call the
 fit()
 method and pass the training data to it:



linear_regressor.fit(X_train, y_train)



As we had stated earlier, Linear Regression works by finding the best values for the slope and the intercept. This is what we have done above. These two have been calculated, so we only have to view their values.



To see the intercept, run the following command:



print(linear_regressor.intercept_)



This returns the following:


[image: ]



We can now view the value of the slope by running the following command:
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This means that if the student studies an extra hour, they will increase their marks by 9.91%.




Predicting




In the training done above, we have created a linear regression model, which is the equation. The values for the slope and the intercept are known. We can make predictions based on the data we preserved as the training set. The following statement helps us make predictions from the test data:



pred_y = linear_regressor.predict(X_test
 )



We have simply created a numpy array named
 predict_y
 . This will have all the predicted values for y from the input values contained in the
 X_test
 series.



We now have the actual values for the X_test as well as the predicted values. We need to compare between these two and see the amount of similarity or difference between the two. Just run the following code:



df = pd.DataFrame({'Actual': y_test, 'Predicted': pred_y})



print(df)



It returns the following results:



The model is not accurate, but the values are close to each other.




Evaluating the Accuracy




We now need to evaluate the accuracy of our algorithm. We need to determine how well the algorithm performed on the dataset. When it comes to regression algorithms, three evaluation metrics are used. These include the following:



	
MAE (Mean Absolute Error) - this is the mean of the absolute value of the errors.









	
MSE (Mean Square Error) - this is the mean of squared errors.









	
RMSE (Root Mean Squared Error) - this is the square root of the mean of the squared errors.





The good thing is that we are not required to calculate these manually. The Scikit-Learn library provides us with a number of functions that can be used for this.



We will use the test data to determine the values for these metrics. First, import the
 metrics
 class from Scikit-Learn:



from sklearn import metrics



Now, run the following command to do the calculation:



print('MAE:', metrics.mean_absolute_error(y_test, pred_y))



print('MSE:', metrics.mean_squared_error(y_test, pred_y))



print('RMSE:', np.sqrt(metrics.mean_squared_error(y_test, pred_y)))



The code returns the following values:
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The value for root mean squared error is 4.65. This is less than 10% of mean value of percentages of all students, which are 51.48. Conclusion, our algorithm did a commendable job.



Here is the full code that should give you the values for the errors:



import numpy as np



import pandas as pd



import matplotlib.pyplot as plt



import sys



from sklearn import metrics



from sklearn.model_selection import train_test_split



from sklearn.linear_model import LinearRegression



sys.__stdout__ = sys.stdout



dataset = pd.read_csv('student_marks.csv')



X = dataset.iloc[:, :-1].values



y = dataset.iloc[:, 1].values



X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=0)



linear_regressor = LinearRegression()



linear_regressor.fit(X_train, y_train)



pred_y = linear_regressor.predict(X_test)



df = pd.DataFrame({'Actual': y_test, 'Predicted': pred_y})



print('MAE:', metrics.mean_absolute_error(y_test, pred_y))



print('MSE:', metrics.mean_squared_error(y_test, pred_y))



print('RMSE:', np.sqrt(metrics.mean_squared_error(y_test, pred_y)))








Multiple Linear Regression




You now know how to do Linear Regression when you have two variables. However, this is not a true reflection of what we have in the real world. Most of the problems the world is facing involve more than two variables. This explains why you need to learn Multiple Linear Regression.



The steps between the two are almost the same. However, the difference comes when it comes to evaluation. When evaluating the multiple linear regression model, we need to know the factor with the highest impact on the output variable. We also need to determine the relationship between the various variables.



We need to demonstrate this by prediction the consumption of fuel in US states. We will consider factors like per capita income, gas taxes, paved highways and the proportion of persons who have a driver’s license.



Let us first import the libraries that we need to use:



import numpy as np



import pandas as pd



import matplotlib.pyplot as plt



I have saved the dataset with the name
 fuel_consumption.csv
 and kept it in the same directory where I have saved the Python script. Let us load the dataset:



dataset = pd.read_csv('fuel_consumption.csv')



Run the
 head()
 function to see what is contained in the dataset:



print(dataset.head())



Again, you may get an error for trying to print the contents of the dataset. Use the method we used previously to solve the problem. You should have the following code:



import numpy as np



import pandas as pd



import matplotlib.pyplot as plt



import sys



sys.__stdout__ = sys.stdout



dataset = pd.read_csv('fuel_consumption.csv')



print(dataset.head())



The code returns the following:
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Those are the first five rows of the dataset. Let us see the shape of the dataset:



print(dataset.shape)
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Call the
 describe()
 function to see the statistical details of the dataset:



print(dataset.describe())
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Data Preparation




In the example of simple linear regression, we subdivided the data into attributes and labels. In this case, we will be directly using the column names for this purpose. Run the code given below:



X = dataset[['Tax', 'Income', 'Highways',



 'Licence']]



y = dataset['Consumption']



We have four columns for the attributes (the independent variables) and one column for the label (the dependent variable).



Let us now subdivide the data into training and test sets. 80% of the data will be used as the training set while the remaining 20% will be used as the test set:



First, let us import the
 
 train_test_split()
 method from Scikit-Learn:



from sklearn.model_selection import train_test_split



Run the following command to do the division of the data:



X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=0)



We have the training and the test datasets.




Training the Algorithm




We now need to train the algorithm. This can be done by calling the
 fit()
 method as we did previously. Let us first import the
 LinearRegression
 class from the Scikit-Learn library:



from sklearn.linear_model import LinearRegression



Next, create an instance of the above class then use it to call the
 fit()
 method:



linear_regressor = LinearRegression()



linear_regressor.fit(X_train, y_train)



Note that this is a multiple linear regression and we are having many variables. The linear regression model has to find the optimal coefficients for each attribute. You can see the chosen coefficients by running the following command:



coeff = pd.DataFrame(linear_regressor.coef_, X.columns, columns=['Coefficient'])



print(coeff)



The code returns the following:
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This means that any unit increase in fuel Tax will lead to a decrease of 40.02 million gallons in the gas Consumption. Also, a unit increase in the proportion of the population with Driver’s license will lead to an increase of 1.342 billion gallons in gas Consumption. The results also show that average Income and Highways have a very small impact on gas Consumption.




Predicting




We will make the predictions using the test data. The following script can help us do this:



pred_y = linear_regressor.predict(X_test)



At this point, you have the actual X_text values as well as the predicted values. We need to perform a comparison between these two to determine their similarities and differences. This can be done by running the following script:



df = pd.DataFrame({'Actual': y_test, 'Predicted': pred_y})



print(df)



The script returns the following output:
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Evaluating the Accuracy of the Algorithm




We now need to evaluate the algorithm in terms of performance. This can be done by determining the values for the various types of errors. These include the MAE, RMSE, and MSE. This requires us to firm import the
 metrics
 class from Scikit-Learn as follows:



from sklearn import metrics



The calculation of the error values can then be done using the following script:



print('MAE:', metrics.mean_absolute_error(y_test, pred_y))



print('MSE:', metrics.mean_squared_error(y_test, pred_y))



print('RMSE:', np.sqrt(metrics.mean_squared_error(y_test, pred_y)))



The code returns the following:
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The value for the root means the square error is 68.31 as shown above. This is slightly greater than 10% of mean value for gas consumption in all the states. It is true that our algorithm was not very much accurate, but we can still use it to make predictions.



The big error could be brought by a number of factors. Maybe there was a need for more data. We have used data for only one year. Having data collected over multiple years could have helped us improve the accuracy of the model. Also, we had assumed that our data has a linear relationship. This could not be the case, hence the big error. I recommend that you visualize the data to see whether this is true. Also, the features we have used could not be correlated.










Chapter 5- k-Nearest Neighbors Algorithm




The KNN algorithm is highly used for building more complex classifiers. It is a simple algorithm but it has outperformed many powerful classifiers. That is why it is used in numerous applications data compression, economic forecasting, and genetics.



KNN is a supervised learning algorithm, which means that we are given a labeled dataset made up of training observations
 (x, y)
 and our goal is to determine the relationship between
 x
 and
 y
 . This means that we should find a function that x to y such that when we are given an input value for
 x
 , we are able to predict the corresponding value for
 y
 .



The concept behind the KNN algorithm is very simple. It calculates the distance of the new data point to all the other training data points. The distance can be of various types including Manhattan, Euclidean etc. The K-nearest data points are chosen, in which K can be any integer. Finally, the data point is assigned to the class in which most of the K data points belong to.



We will use a dataset named Iris. We had explored it previously. We will be using this to demonstrate how to implement the KNN algorithm. This dataset is made up of four attributes namely
 sepal-width, sepal-length, petal-width
 and
 petal-length
 . Each type of the iris plant has certain attributes. Our goal is to predict the class to which a plant belongs to. The dataset has three classes
 Iris-setosa
 ,
 Iris-versicolor
 ,
 and
 Iris-virginica
 .



First, import all the libraries that are needed:



import numpy as np



import pandas as pd



import matplotlib.pyplot as plt



We now need to load the dataset into our working environment. Download it from the following URL:




https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data




We need to load the dataset from the above URL and store it in a Pandas data frame. This following script will help us achieve this:



#
 create a variable for the dataset url



iris_url = "https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data"



#
 Assign column names to the dataset



iris_names = ['Slength', 'Swidth', 'Plength', 'Pwidth', 'Class']



#
 Load the dataset from the url into a pandas dataframe



dataset = pd.read_csv(iris_url, names=iris_names)



We can have a view of the first few rows of the dataset:



print(dataset.head())
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The S is for Sepal while P is for Petal. For example,
 S
 length
 represents
 Sepal length
 while
 Plength
 represents
 Petal length
 .



If you get an error, remember to import the
 sys
 package and use it as shown below:



import numpy as np



import pandas as pd



import matplotlib.pyplot as plt



import sys



sys.__stdout__ = sys.stdout



url = "https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data"



# Assign colum names to our dataset



names = ['Slength', 'Swidth', 'Plength', 'Pwidth', 'Class']



# Read the dataset to a pandas dataframe



dataset = pd.read_csv(url, names=names)



As usual, we should divide the dataset into attributes and labels. This can be done by running the following code:



X = dataset.iloc[:, :-1].values



y = dataset.iloc[:, 4].values



The variable X will hold the first four columns of the dataset which are the attributes while the variable y will hold the labels.




Splitting the Dataset




We need to be able to tell how well our algorithm performed. This will be done during the testing phase. This means that we should have training and testing data. We need to split the data into such two parts. 80% of the data will be used as the training set while 20% will be used as the test set.



Let us first import the
 train_test_split
 method from Scikit-Learn:



from sklearn.model_selection import train_test_split



We can then split the two as follows:



X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.20)




Feature Scaling




Before we can make the actual predictions, it is a good idea for us to scale the features. After that, all the features will be evaluated uniformly. Scikit-Learn comes with a class named
 StandardScaler
 which can help us perform the feature scaling. Let us first import this class:



from sklearn.preprocessing import StandardScaler



We then instantiate the class then use it to fit a model based on it:



feature_scaler = StandardScaler()



feature_scaler.fit(X_train)



X_train = feature_scaler.transform(X_train)



X_test = feature_scaler.transform(X_test)



The instance was given the name
 feature_scaler
 .




Training the Algorithm




With the Scikit-Learn library, it is easy for us to train the KNN algorithm. Let us first import the
 KNeighborsClassifier
 from the Scikit-Learn library:



from sklearn.neighbors import KNeighborsClassifier



The following code will help us train the algorithm:



knn_classifier = KNeighborsClassifier(n_neighbors=5)



knn_classifier.fit(X_train, y_train)



Note that we have created an instance of the class we have created and named the instance
 knn_classifier
 . We have used one parameter in the instantiation, that is,
 n_neighbors
 .
 We have used 5 as the value of this parameter, and this basically denotes the value of K. Note that there is no specific value for K and it is chosen after testing and evaluation. However, for a start, 5 is used as the most popular value in most KNN applications.



We can then use the test data to make predictions. This can be done by running the script given below:



pred_y = knn_classifier.predict(X_test)




Evaluating the Accuracy of the Algorithm




Evaluation of the KNN algorithm is not done in the same way as evaluating the accuracy of the linear regression algorithm. We were using metrics like RMSE, MAE etc. In this case, we will use metrics like
 confusion matrix, precision, recall, and f1 score.



We can use the
 classification_report
 and
 confusion_matrix
 methods to calculate these metrics. Let us first import these from the Scikit-Learn library:



from sklearn.metrics import confusion_matrix, classification_report



Run the following script:



print(confusion_matrix(y_test, pred_y))



print(classification_report(y_test, pred_y))
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The results given above shows that the KNN algorithm did a good job in classifying the 30 records that we have in the test dataset. The results show that the average accuracy of the algorithm on the dataset was about 90%. This is not a bad percentage.




Comparing K Value with the Error Rate




We earlier said that there is no specific value of K that can be said that it gives the best results on the first go. We chose 5 because it is the most popular value used for K. The best way to find the best value of K is by plotting a graph of K value and the corresponding error for the dataset.



Let us create a plot using the mean error for predicted values of the test set for all the K values that range between 1 and 40. We should begin by calculating the mean of error for the predicted value with K ranging between 1 and 40. Just run the script given below:



error = []



# K values range between 1 and 40



for x in range(1, 40):



 knn = KNeighborsClassifier(n_neighbors=x)



 knn.fit(X_train, y_train)



 pred_x = knn.predict(X_test)



 error.append(np.mean(pred_x != y_test))



The code will run the loop from 1 to 40. In every iteration, the mean error for the predicted value of the test set is calculated and the result is appended to
 error
 list.



We should now plot the values of
 error
 against the values of K. The plot can be created by running the script given below:



plt.figure(figsize=(12, 6))



plt.plot(range(1, 40), error, color='blue', linestyle='dashed', marker='o',



 markerfacecolor='blue', markersize=10)



plt.title('Error Rate for K')



plt.xlabel('K Values')



plt.ylabel('Mean Error')



plt.show()



The code generates the plot given below:
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The graph shows that we will get a Mean Error of 0 when we use values of K between 1 and 17. It will then be good for you to play around with the value of K and see its impact on the accuracy of the predictions.















Chapter 6- K-Means Clustering

Clustering falls under the category of unsupervised machine learning algorithms. It is often applied when the data is not labeled. The goal of the algorithm is to identify clusters or groups within the data.



The idea behind the clusters is that the objects contained one cluster is more related to one another than the objects in the other clusters. The similarity is a metric reflecting the strength of the relationship between two data objects. Clustering is highly applied in exploratory data mining. In have many uses in diverse fields such as pattern recognition, machine learning, information retrieval, image analysis, data compression, bio-informatics, and computer graphics.



The algorithm forms clusters of data based on the similarity between data values. You are required to specify the value of K, which are the number of clusters that you expect the algorithm to make from the data. The algorithm first selects a centroid value for every cluster. After that, it performs three steps in an iterative manner:



	
Calculate the Euclidian distance between every data instance and the centroids for all clusters.


	
Assign the instances of data to the cluster of centroid with the nearest distance.


	
Calculate the new centroid values depending on the mean values of the coordinates of the data instances from the corresponding cluster.





Let us manually demonstrate how this algorithm works before implementing it on Scikit-Learn:



Suppose we have two dimensional data instances given below and by the name D:



D = { (5,3), (10,15), (15,12), (24,10), (30,45), (85,70), (71,80), (60,78), (55,52), (80,91) }



Our goal is to divide the data into two clusters, namely C1 and C2 depending on the similarity between the data points.



We should first initialize the values for the centroids of both clusters, and this should be done randomly. The centroids will be name
 d
 c
 1
 and
 c
 2
 for clusters
 C
 1
 and
 C
 2
 respectively, and we will initialize them with the values for the first two data points, that is,
 (5,3)
 and
 (10,15
 )
 . It is after this that you should begin the iterations.



Anytime that you calculate the Euclidean distance, the data point should be assigned to the cluster with the shortest Euclidean distance. Let us take the example of the data point
 (5,3):



Euclidean Distance from the Cluster Centroid
 c1 = (5,3) = 0



Euclidean Distance from the Cluster Centroid
 c2 = (10,15) = 13



The Euclidean distance for the data point from point centroid c1 is shorter compared to the distance of the same data point from centroid
 c2
 .
 This means that this data point will be assigned to the cluster
 C
 1
 .



Let us take another data point,
 (15,12):



Euclidean Distance from the Cluster Centroid
 c1 = (5,3) is 13.45



Euclidean Distance from the Cluster Centroid
 c2 = (10,15) is 5.83



The distance from the data point to the centroid
 c
 2
 is shorter, hence it will be assigned to the cluster
 C2
 .



Now that the data points have been assigned to the right clusters, the next step should involve calculation of the new centroid values. The values should be calculated by determining the means of the coordinates for the data points belonging to a certain cluster.



If for example for
 C
 1
 we had allocated the following two data points to the cluster:



(5, 3
 )
 and
 (24, 10)
 .
 The new value for x coordinate will be the mean of the two:



x = (5 + 24) / 2



x = 14.5



The new value for y will be:



y = (3 + 10) / 2



y = 13/2



y = 6.5







The new centroid value for the c1 will be
 (14.5, 6.5)
 .



This should be done for c2 and the entire process be repeated. The iterations should be repeated until when the centroid values do not update any more. This means if for example, you do three iterations, you may find that the updated values for centroids c1 and c2 in the fourth iterations are equal to what we had in iteration 3. This means that your data cannot be clustered any further.



You are now familiar with how the K-Means algorithm works. Let us discuss how you can implement it in the Scikit-Learn library.



Let us first import all the libraries that we need to use:



import matplotlib.pyplot as plt



import numpy as np



from sklearn.cluster import KMeans




Data Preparation




We should now prepare the data that is to be used. We will be creating a
 numpy array
 with a total of 10 rows and 2 columns. So, why have we chosen to work with a numpy array? It is because Scikit-Learn library can work with the numpy array data inputs without the need for preprocessing. Let us create it:



X = np.array([[5,3], [10,15], [15,12], [24,10], [30,45], [85,70], [71,80], [60,78], [55,52], [80,91],])




Visualizing the Data




Now that we have the data, we can create a plot and see how the data points are distributed. We will then be able to tell whether there are any clusters at the moment:



plt.scatter(X[:,0],X[:,1], label='True Position')



plt.show()



The code gives the following plot:
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If we use our eyes, we will probably make two clusters from the above data, one at the bottom with five points and another one at the top with five points. We now need to investigate whether this is what the K-Means clustering algorithm will do.




Creating Clusters




We have seen that we can form two clusters from the data points, hence the value of K is now 2. These two clusters can be created by running the following code:



kmeans_clusters = KMeans(n_clusters=2)



kmeans_clusters.fit(X)



We have created an object named
 kmeans_clusters
 and 2 have been used as the value for the parameter
 n_clusters
 . We have then called the
 fit()
 method on this object and passed the data we have in our numpy array as the parameter to the method.



We can now have a look at the centroid values that the algorithm has created for the final clusters:



print (kmeans_clusters.cluster_centers_)



This returns the following:


[image: ]



The first row above gives us the coordinates for the first centroid, which is,
 (16.8, 17)
 .
 The second row gives us the coordinates of the second centroid, which is,
 (70.2, 74.2)
 .
 If you followed the manual process of calculating the values of these, they should be the same. This will be an indication that the K-Means algorithm worked well.



The following script will help us see the data point labels:



print(kmeans_clusters.labels_)



This returns the following:
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The above output shows a one-dimensional array of 10 elements which correspond to the clusters that are assigned to the 10 data points. You clearly see that we first have a sequence of zeroes which shows that the first 5 points have been clusterd together while the last five points have been clustered together. Note that the 0 and 1 have no mathematical significance but they have simply been used to represent the cluster IDs. If we had three clusters, then the last one would have been represented using 2’s.



We can now plot the data points and see how they have been clustered. We need to plot the data points alongside their assigned labels to be able to distinguish the clusters. Just execute the script given below:



plt.scatter(X[:,0],X[:,1], c=kmeans_clusters.labels_, cmap='rainbow')



plt.show()



The script returns the following plot:
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We have simply plotted the first column of the array named X against the second column. At the same time, we have passed
 kmeans_labels_
 as the value for parameter c which corresponds to the labels. Note the use of the parameter
 cmap='rainbow'
 .
 This parameter helps us to choose the color type for the different data points.



As you expected, the first five points have been clustered together at the bottom left and assigned a similar color. The remaining five points have been clustered together at the top right and assigned one unique color.



We can choose to plot the points together with the centroid coordinates for every cluster to see how the positioning of the centroid affects clustering. Let us use three clusters to see how they affect the centroids. The following script will help you to create the plot:



plt.scatter(X[:,0], X[:,1], c=kmeans_clusters.labels_, cmap='rainbow')



plt.scatter(kmeans_clusters.cluster_centers_[:,0] ,kmeans_clusters.cluster_centers_[:,1], color='black')



plt.show()



The script returns the following plot:
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We have chosen to plot the centroid points in black color.









Chapter 7- Support Vector Machines


SVMs fall under the category of supervised machine learning algorithms and are highly applied classification and regression problems. It is known for its ability to handle nonlinear input spaces. It is highly applied in applications like intrusion detection, face detection, classification of news articles, emails and web pages, handwriting recognition and classification of genes.



The algorithm works by segregating the data points in the best way possible. The distance between the nearest points is referred to as the
 margin
 .
 The goal is to choose a hyperplane with the maximum possible margin between the support vectors in a given dataset.



To best understand how this algorithm works, let us first implement it in Scikit-Learn library. Our goal is to predict whether a bank currency note is fake or authentic. We will use the attributes of the note including variance of the image, the skewness of the wavelet transformed image, curtosis of the image and entropy of the image. Since this is a binary classification algorithm, let us use the SVM classification algorithm.



If we have a linearly separable data with two dimensions, the goal of a typical machine learning algorithm is to identify a boundary that will divide the data so as to minimize the misclassification error. In most cases, one gets several lines with all these lines correctly classifying the data.



SVM is different from the other classification algorithms in the way it selects the decision boundary maximizing the distance from the nearest data points for all classes. The goal of SVM is not to find the decision boundary only, but to find the most optimal decision boundary.



The most optimal decision boundary refers to the decision boundary with the maximum margin from nearest points of all classes. The nearest points from the decision boundary maximizing the distance between the decision boundary and the points are known as
 support vectors
 .
 For the case of support vector machines, the decision boundary is known as
 maximum margin classifier
 or
 maximum margin hyper plane.



A complex mathematics is involved in the calculation of the support vectors; determine the margin between the decision boundary and support vectors and maximizing the margin.



Let us begin by importing the necessary libraries:



import numpy as np



import pandas as pd



import matplotlib.pyplot as plt



This dataset can be downloaded from the following URL:




https://drive.google.com/file/d/13nw-uRXPY8XIZQxKRNZ3yYlho-CYm_Qt/view




Download and store it on your local machine. I have saved the file in the same directory as my Python scripts and given it the name
 bank_note.csv
 .




Importing the Dataset




We will use the
 read_csv
 method provided by the Pandas library to read the data and import it into our workspace. This can be done as follows:



dataset = pd.read_csv("bank_note.csv")



Let us call the
 shape
 method to print the shape of the data for us:



print(dataset.shape)



This returns the following:
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This shows that there are 1372 columns and 5 columns in the dataset. Let us print the first 5 rows of the dataset:



print(dataset.head())



Again, this may return an error because of lack of the output information. Let us solve this using the Python’s sys library. You should now have the following code:



import numpy as np



import pandas as pd



import matplotlib.pyplot as plt



import sys



sys.__stdout__=sys.stdout



dataset = pd.read_csv("bank_note.csv")



print(dataset.head())



The code returns the following output:
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All attributes of the data are numeric as shown above. Even the last attribute is numeric as its values are either 0 or 1.




Preprocessing the Data




It is now time to subdivide the above data into attributes and labels as well as training and test sets. The following code will help us subdivide the data into attributes and labels:



X = dataset.drop('Class', axis=1)



y = dataset['Class']



The first line above helps us store all the columns of the dataset into variable
 X
 , except the
 class
 column. The
 drop()
 function has helped us exclude the
 Class
 column from this.
 The second line has then helped us store the
 Class
 column into variable
 y
 . The variable
 X
 now has attributes while the variable
 y
 now has the corresponding labels.



We have achieved the goal of diving the dataset into attributes and labels. The next step is to divide the dataset into training and test sets. Scikit-learn has a library known as
 model_selection
 which provides us with a method named
 train_test_split
 that we can use to divide the data into training and test sets.



First, let us import the
 train_test_split
 method:



from sklearn.model_selection import train_test_split



The following script will then help us to perform the split:



X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.20)




Training the Algorithm




Now that the data has been split into training and test sets, we should now train the SVM on the training set. Scikit-Learn comes with a library known as
 svm
 which has built-in classes for various SVM algorithms.



In this case, we will be doing a classification task, hence we will use the support vector classifier class (SVC). The takes a single parameter, that is, the kernel type. For a simple SVM, the parameter should be set to
 “linear”
 since the simple SVMs can only classify data that is linearly separable.



We will call the
 fit
 method of SVC to train the algorithm on our training set. The training set should be passed as a parameter to the
 fit
 method. Let us first import the SVC class from Scikit-Learn:



from sklearn.svm import SVC



Now run the following code:



svc_classifier = SVC(kernel='linear')



svc_classifier.fit(X_train, y_train)




Making Predicting




We should use the SVC class for making predictions. Note that the predictions will be made on the test data. Here is the code for making predictions:



pred_y = svc_classifier.predict(X_test)




Evaluating the Accuracy of the Algorithm




In classification tasks, we use confusion matrix, recall, precision and F1 as the metrics. Scikit-Learn has the
 metrics
 library which provides us with the
 confusion_matrix
 and
 classification_report
 methods which can help us find the values of these metrics. The following code can help us find the value for these metrics:



First, let us import the above methods from the Scikit-Learn library:



from sklearn.metrics import confusion_matrix, classification_report



Here is the code that can help in doing the evaluation:



print(confusion_matrix(y_test,pred_y))



print(classification_report(y_test,pred_y))



The code returns the following:
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The output given above shows that the algorithm did a good task. An average of 99% for the above metrics is not bad.



Let us give another example of how to implement SVM in Scikit-Learn using the Iris dataset. We had already loaded the Iris dataset, a dataset that shows details of flowers in terms of sepal and petal measurements, that is, width and length. We can now learn from the data, and then make a prediction for unknown data. These calls for us to create an estimator then call its fit method.



This is demonstrated in the script given below:



from sklearn import svm



from sklearn import datasets



# Loading the dataset



iris = datasets.load_iris()



clf = svm.LinearSVC()



# learn from the dataset



clf.fit(iris.data, iris.target)



# predict unseen data



clf.predict([[ 6.2, 4.2, 3.5, 0.35]])



# Changing model parameters using the attributes ending with an underscore



print(clf.coef_ )



The code will return the following output:
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We now have the predicted values for our data. Note that we imported both
 datasets
 and
 svm
 from the scikit-learn library. After loading the dataset, a model was fitted/created by learning patterns from the data. This was done by calling the
 fit()
 method. Note that the
 LinearSVC()
 method helps us to create an estimator for the support vector classifier, on which we are to create the model. We have then passed in new data for which we need to make a prediction.















Chapter 8- Neural Networks with Scikit-learn

Neural networks are a machine learning framework that tries to mimic the way the natural biological neural networks operate. Humans have the capacity of identifying patterns with a very high degree of accuracy. Anytime you see a cow, you can immediately recognize that it is a cow. This also applies to when you see a goat. The reason is that you have learned over a period of time how a cow or a goat looks like and what differentiates between the two.



Artificial neural networks refer to computation systems that try to imitate the capabilities of human learning via a complex architecture that resembles the nervous system of a human being.




The structure of Neuron




A neutron is made up of the cell body, having a number of extensions from it. Majority of these are in the form of branches commonly known as “dendrites”.



A long process or a branching exists, and this is referred to as the “axon”. The transmission of signals begins at a region in this axon, and this region is known as the
 “hillock”.



The neuron has a boundary which is known as the “cell membrane”. A potential difference exists between the inside and the outside of the cell membrane. This is known as the “membrane potential”.



If the input becomes large enough, some action potential will be generated. This action potential then travels will then travel down the axon and away from the cell body.



A neuron is connected to another neuron by synapses. The information leaves the neuron via an axon and is then passed to the synapses and to the neuron which is expected to receive it. Note that a neuron will only fire once the threshold exceeds a certain amount. The signals are very important as they are received by the other neurons. The neurons use the signals or the spikes for communication. The spikes are also responsible for encoding the information which is being sent.



Synapses can either be inhibitory or excitatory. When spikes arrive at the excitatory synapse, the receiving neuron will be caused to fire. If the signals are received at an inhibitory synapse, then the receiving neuron is inhibited from firing.



The synapses and the cell body usually calculate the difference the incoming inhibitory and excitatory inputs. If this difference is found to be too large, the neuron will be made to fire.




Back Propagation




For you to train a neural network to perform a task, the units of each unit must be adjusted so that we can reduce the error between the actual output and the target output. This means that the derivative of the weights must be computed by the network. To make it simple, the network has to monitor the changes in error as the weights are being increased or decreased. The
 backpropagation
 algorithm is the one which is widely used in the calculation of this error.



If you are having your network units being linear, then this algorithm will be easy for you to understand. For the algorithm to get the error derivative of the weights, it should first determine the rate at which the error is changing as the unit’s activity level is being changed. For the case of the output units, the error derivative is obtained by determining the different between the real and the target output. To find the error change rate for the hidden unit in a layer which id before the output layer, all weights between the hidden unit and the output units which it has been connected to have to be determined. We can then go ahead and multiple the weights by error derivatives in the weights and then the product is added together. The sum you get will be equal to the error change rate for the hidden unit. Once you have obtained the error change rate in the weights of the hidden layer which is just before the output layer, we will be capable of calculating the error change rate for the other layers. The calculation of this for these will be done from layer to the next layer, and in a direction which is opposite to the direction in which the activities are usually transmitted through the network. This explains where the name back propagation” comes from. After the error change rate has been calculated for some unit, the error derivative for the weights for all the incoming connections of the weight can be calculated more easily. The error derivative for the weights can be obtained by multiplying the rate of error change with the activity via the incoming connection.




Implementation




We need to implement a neural network with Scikit-Learn in Python. We will use the
 iris
 dataset for this task. We will be getting this dataset from the following link:




https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data




First, import the necessary libraries into your workspace:



import numpy as np



import pandas as pd



import matplotlib.pyplot as plt



Next, let us load the data from the above URL into the pandas data frame:



# create a variable for the dataset url



iris_url = "https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data"



# Assign column names to the dataset



names = ['Slength', 'Swidth', 'Plength', 'Pwidth', 'Class']



# Load the dataset from the url into a pandas dataframe



dataset = pd.read_csv(iris_url, names=iris_names)



Note that the dataset has been loaded into a pandas data frame named dataset and columns have also been assigned to the dataset. Let us call the head() function on the data to be sure it has been loaded:



print(dataset.head())



You may get an error. Solve it by writing the code as follows:



import numpy as np



import pandas as pd



import matplotlib.pyplot as plt



import sys



sys.__stdout__ = sys.stdout



# create a variable for the dataset url



iris_url = "https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data"



# Assign column names to the dataset



iris_names = ['Slength', 'Swidth', 'Plength', 'Pwidth', 'Class']



# Load the dataset from the url into a pandas dataframe



dataset = pd.read_csv(iris_url, names=iris_names)



print(dataset.head())



The code will return the following:
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This shows that the data was loaded successfully.




Preprocessing the Data




The dataset has 5 columns, and our goal is to predict the fifth column, that is, Class. Let us subdivide the dataset into attributes and labels:



X = dataset.iloc[:, 0:4]



y = dataset.select_dtypes(include=[object])



The data in the first four columns have been assigned to the variable X. These are the attributes. The data in the fifth column has been assigned to variable y. This forms the label.



You can have a look of how variable y looks like by running the following command:



y.head()
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You can see that the variable y has categorical values. However, the neural networks are known to work well with numerical data, hence we should convert the above into numerical values. First, let us see the number of unique values that we have in variable y:



y.Class.unique()
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The above output shows that we have three unique categories, that is, the Iris-setosa, Iris-versicolor, and Iris-virginia. We should convert these into numerical values. This can be done using the Scikit-Learn’s class named
 LabelEncoder
 .



Let us first import the
 preprocessing
 method from Scikit-Learn:



from sklearn import preprocessing



The following code can then help us do the conversion:



lab = preprocessing.LabelEncoder()



y = y.apply(lab.fit_transform)



We can now check for the unique values of the variable y:



y.Class.unique()
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It is now clear that the categorical values have been converted into numerical values, that is, 0, 1 and 2.



We should now split the data into the training and test sets. This will help us prevent the problem of
 overfitting
 .
 The training set will be used to train the data while the test data will be used to evaluate the performance of the neural network model.



Let us first import the
 train_test_split
 method from Scikit-Learn:



from sklearn.model_selection import train_test_split



The following script will then help us perform the split:



X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.20)



80% of the data will be used for training while 20% of the data will be used for testing.




Feature Scaling




Before we can make the actual predictions, it is recommended that we first scale the features so that they can be evaluated uniformly. Note that feature scaling should only be done on the training data but not on the test data. The reason is that real world data is not scaled and a neural network is geared towards making predictions on such data. That is why the test data should be kept as real as possible.



Let us first import the
 StandardScaler
 class from Scikit-Learn:



from sklearn.preprocessing import StandardScaler



Let us create an instance of the above class then call the
 fit()
 method on this instance:



feature_scaler = StandardScaler()



feature_scaler.fit(X_train)



X_train = feature_scaler.transform(X_train)



X_test = feature_scaler.transform(X_test)




Training the Algorithm and Making Predictions




We now need to train the neural network that will be able to be used for making predictions. We should first import the
 MLPClassifier
 from the neural network library of Scikit-Learn. This can be done as follows:



from sklearn.neural_network import MLPClassifier



The following code can then help us do the training of the neural network:



mlp_classifier = MLPClassifier(hidden_layer_sizes=(10, 10, 10), max_iter=1000)



mlp_classifier.fit(X_train, y_train.values.ravel())



We have just used three lines of code to create a neural network. That is great! Notice the use of the
 hidden_layer_sizes
 parameter. We have used it to create three hidden layers for the network each with
 10
 nodes. There is no rule that limits from choosing only a certain number of layers and nodes for your neural network. These vary depending on the nature of the problem in question. You can try a number of different combinations and see what works best for you.



We have also used the
 max_iter
 parameter. The purpose of this parameter is to set the number of iterations or epochs that you need your network to run. The
 “relu”
 activation function is used by default together with the
 “adam”
 cost optimizer. However, these functions can be changed using
 activation
 and
 solver
 parameters respectively.



We have then called the
 fit
 method which trains the algorithm on our training data, that is,
 X
 _train and
 y
 _train.



Now that algorithm has been trained on the training data, we can make predictions on the test data. This can be done by running the script given below:



predictions = mlp_classifier.predict(X_test)




Evaluation of the Accuracy of the Algorithm




The algorithm has been trained and predictions made on the test data. It is time for us to evaluate how well it performs. The evaluation will be done using metrics like
 confusion matrix, precision, recall, and f1 score. We should compare the values we got from the predictions to the actual values that were collected.



Let us first import the
 classification_report
 and
 classification_matrix
 methods of the Scikit-Learn’s
 metric
 library:



from sklearn.metrics import confusion_matrix, classification_report



The evaluation can then be done by running the following script:



print(confusion_matrix(y_test,predictions))



print(classification_report(y_test,predictions))



The script returns the following result:
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The above results are good. The confusion matrix shows that only one plant was misclassified out of all the 30 plants. We also have an f1-score of 0.97 which is good considering that we only had 150 instances to train the neural network on. Anytime you get an accuracy which 90% and above, you can conclude that the performance was good.














Chapter 9- Random Forest Algorithm





This is a type of supervised machine learning algorithm that works based on ensemble learning. Ensemble learning refers to the kind of learning in which different types of algorithms or one algorithm is joined multiple times to get a more powerful prediction model. The random forest algorithm is a combination of many algorithms of a similar type, that is, multiple decision trees, resulting into a forest of trees, explaining the source of the name “random forest”. The random forest algorithm can be applied in both regression and classification problems.




How it Works




The random forest algorithm follows the following basic steps in its work:



	
Select N random records from a data set.


	
Build a decision tree from these N random records.


	
Select the number of trees that you need in the algorithm and repeat the above two steps.


	
If it is a regression problem, for a new record, every tree in the forest will predict a value for Y (the output). We can calculate the final value by taking the average of all predicted values by all trees in the forest. Or, for the case of a classification problem, every tree in the forest should predict the category under which the new record belongs. The new record is finally assigned to the category that has won the majority vote.






Random Forest and Regression Problems




In this chapter, we will be showing you how to solve regression problems using random forests in Scikit-Learn. We will be using the fuel consumption dataset we used previously. The gas consumption will be predicted based on factors like
 fuel tax (in cents), per capita income (in dollars), paved highways (miles) and percentage of the population with driver’s license.



Let us first import the numpy and pandas libraries:



import pandas as pd



import numpy as np



I already have the dataset saved in the same directory as my Python script with the name
 fuel_consumption.csv
 . Run the following command to import into a Pandas data frame:



dataset = pd.read_csv('fuel_consumption.csv')



See what is contained in the dataset by running the
 head()
 function on the data:



print(dataset.head())



This may give you an error. Sort out the error as usual so that you end up with the following code:



import pandas as pd



import numpy as np



import sys



sys.__stdout__=sys.stdout



dataset = pd.read_csv('fuel_consumption.csv')



print(dataset.head())



This returns the following:
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The above data shows that the values are not scaled well. We will have to do this later.




Data Preparation




It is now time for us to split the dataset into what we need. First, we will split it into attributes and labels then into training and test sets. Here is the code for subdividing the data into attributes and labels:



X = dataset.iloc[:, 0:4].values



y = dataset.iloc[:, 4].values



We now need to divide the data into training and test sets. 80% of the data will be used for training while 20% will be used for testing the algorithm.



Let us first import the
 train_test_split
 method:



from sklearn.model_selection import train_test_split



The following code will then do the splitting work:



X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=0)




Feature Scaling




At this point, the dataset is not scaled well. The Income field, for example, has values ranging up to thousands while the Tax field has values ranging in tens. This is why we should scale our data. We will use the
 StandardScaler
 class provided by Scikit-Learn to scale the dataset. Let us first import this class:



from sklearn.preprocessing import StandardScaler



We can now create an instance of this class and use it for scaling the dataset:



rf_scaler = StandardScaler()



X_train = rf_scaler.fit_transform(X_train)



X_test = rf_scaler.transform(X_test)



The dataset is now scaled.




Training the Algorithm




We should now train the random forests algorithms to help us solve the regression problem. Let us first inform the
 RandomForestRegressor
 class:



from sklearn.ensemble import RandomForestRegressor



We can now create an instance of the above class then use it to train the algorithm and make a prediction on the test dataset:



rf_regressor = RandomForestRegressor(n_estimators=20, random_state=0)



rf_regressor.fit(X_train, y_train)



pred_y = rf_regressor.predict(X_test)



Anytime that you need to solve a regression problem using the random forests algorithm, use the
 RandomForestRegressor
 class. Notice the use of the
 n_estimators
 parameter in the above example. It simply specifies the number of trees to be used in the random forest. We have started with a total of 20 trees to test ho our algorithm will work.




Evaluating Algorithm Performance




It is now time for us to evaluate how well the algorithm has performed on the dataset. This is a regression problem, so the metrics used to evaluate the performance of the algorithm include
 mean absolute error (MAE), mean squared error MSE), and root mean squared error (RMSE).



First, import the
 metrics
 method from the Scikit-Learn library:



from sklearn import metrics



The following script will then help you get the values of the above metrics:



print('MAE:', metrics.mean_absolute_error(y_test, pred_y))



print('MSE:', metrics.mean_squared_error(y_test, pred_y))



print('RMSE:', np.sqrt(metrics.mean_squared_error(y_test, pred_y)))



The code returns the following output:
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We used 20 trees which have given us a root mean square value of 64.93. This value is greater than the 10 percent of the average fuel consumption. This is an indication that we did not use enough trees/estimators.



What you should know is that the values of the errors will decrease with an increase in the number of trees or estimators. This is why I recommend that you play around with this to see whether you can get good values for the errors. There are also other parameters that you can play around with.




Random Forest and Classification problems




We need to demonstrate how random forest can be used for solving classification problems. We will use the dataset for
 bank_note
 to predict whether a bank note is authentic or not. We will depend on four attributes of the note including
 variance of the image wavelet transformed image, entropy, skewness, and curtosis of the image.



Although this is a binary classification problem, we will be using a random forest classifier to solve it. Let us first import the libraries that we will need to solve the problem:



import numpy as np



import pandas as pd



I have saved the dataset with the name
 bank_note.csv
 and kept it in the same directory as my Python script. The following script can help me to import the dataset:



dataset = pd.read_csv("bank_note.csv")



Let us see the first 5 rows of the dataset:



print(dataset.head())



If you get an error, write the code as follows:



import numpy as np



import pandas as pd



import sys



sys.__stdout__=sys.stdout



dataset = pd.read_csv("bank_note.csv")



print(dataset.head())



The code returns the following:
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In the regression problem, the dataset was not scaled well, and this is also the case with this classification problem. We will have to scale this data before we can train the algorithm.




Data Preparation




Run the following cod to split the data into attributes and labels:



X = dataset.iloc[:, 0:4].values



y = dataset.iloc[:, 4].values



We now need to split the data into training and test sets. Let us first import the
 train_test_split
 method from Scikit-Learn:



from sklearn.model_selection import train_test_split



Now run the following code to do the splitting:



X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=0)




Feature Scaling




We will implement feature scaling in the same way we did for the regression problem. We will first import the
 StandardScaler
 class by running the following import statement:



from sklearn.preprocessing import StandardScaler



Then we run the following command:



sc = StandardScaler()



X_train = sc.fit_transform(X_train)



X_test = sc.transform(X_test)



Note that we first created an instance of the
 StandardScaler
 class then we have used it to perform the scaling on the data.




Training the Algorithm




Now that the data is scaled, the random forest algorithm can be trained to solve the classification problem. Remember that for the regression problem, we used the
 RandomForestRegressor
 class. For this calcification problem, we will use the
 RandomForestClassifier
 class. Let us begin by importing this class:



from sklearn.ensemble import RandomForestClassifier



Here is the code for training the algorithm:



classifier = RandomForestClassifier(n_estimators=20, random_state=0)



classifier.fit(X_train, y_train)



pred_y = classifier.predict(X_test)



Note that we have also called the
 n_estimators
 parameter. Again, we have used 20 trees to train the algorithm.




Evaluating the Performance of the Algorithm




To evaluate the performance of a random forest classifier, we use metrics like
 accuracy, precision recall, confusion matrix, and F1 values. First, run the following import statement:



from sklearn.metrics import confusion_matrix, classification_report, accuracy_score



You can then run the following command:



print(confusion_matrix(y_test,pred_y))



print(classification_report(y_test, pred_y))



print(accuracy_score(y_test, pred_y))



The code returns the following:
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The above results show that the random forest classifier achieved an accuracy score of 98.91% when using 20 trees. 98.91% is a good score, so there is no need for us to increase the number of trees/estimators. If you need to improve the accuracy of this classifier, try to vary the other parameters other than the number of trees/estimators.















Chapter 10- Using TensorFlow

TensorFlow is a library for dataflow programming. It makes it easy for us to work with mathematical expressions. Now that you have installed TensorFlow, we need to use it.



To see whether TensorFlow has been installed on your system, try to import it by running the following command:



import tensorflow as tf



If it is not installed, you will get an error, otherwise, the installation as successful. If not installed, follow the steps we discussed earlier to install the library.




DataFlow Graphs




In TensorFlow, computation is based on graphs. The graphs provide us with an alternative to soling mathematical problems. Consider the expression given below:



x = ( y+z )
 ∗
 ( z+4 )



The above expression may also be expressed as follows:



p=y + z



q= z + 4



x= p * q



When represented as above, it becomes easy to express the expression in the form of a graph. Initially, we had a single expression but we now have two expressions. The two expressions can be performed in parallel. We can gain from this in terms of computation time. Such gains are very important in deep learning and big data applications, especially in Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) which are all complicated neural network architectures.



The goal of TensorFlow is to implement graphs and help in the computation of operations in parallel which will lead to efficiency gains. In TensorFlow, the graph nodes are known as
 tensors
 and they are simply multi-dimensional data arrays. The graph begins with the input layer where we find the input tensor. After the input layer, we get the hidden layer which has rectified linear units as the activation function.




Constants




In TensorFlow, we create constants using the function constantly. This function constant has a signature
 constant
 (value, dtype=None, shape=None, name='Const', verify_shape=False)
 ,
 in which
 value
 is the actual constant value to be used for further computation,
 dtype
 is a data type parameter such as int8/16, float32/64,
 shape
 denotes optional dimensions,
 name
 is optional name for the tensor while the last parameter is a Boolean indicating the verification of the shape of the values.



If you need constants with specific values in the training model, use the
 constant object
 as shown in the example given below:



k = tf.constant(5.2, name="x", dtype=tf.float32)




Variables




In TensorFlow, variables refer to in-memory buffers with tensors that should be initialized explicitly and used in-graph to maintain state across the session. When the constructor is called, the variable is added to the computational graph.



Variables are mostly used when starting with training models, and they are used for holding and updating parameters. The initial values that is passed as the argument to the constructor represents the tensor or object that is to be converted or returned as a tensor. This means that if we need to fill a variable with some predefined or random values that are to be used later in the training process and updated over the iterations, it can be defined in the following way:



m = tf.Variable(tf.zeros([1]), name="m")



In TensorFlow, variables can also be used in calculations whereby the variable is not trainable and it is definable as follows:



m = tf.Variable(tf.add(x, y), trainable=False)




Sessions




For us to evaluate the nodes, the computational graph must be run within a session. The purpose of a session is to encapsulate the state and control of a TensorFlow runtime. If the session doesn’t have parameters, it will use the default graph that was created in the current session; otherwise, the session class will accept the graph parameter, which is used in the session to be executed.



Let us run the
 hello
 code in TensorFlow:



import tensorflow as tf



h = tf.constant('Hello, this is TensorFlow!')



s = tf.Session()



print(s.run(h))



The code returns the following:
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In the example given below, we are using all the terms defined above to calculate a very simple linear function in TensorFlow:



import tensorflow as tf



y = tf.constant(-2.0, name="y", dtype=tf.float32)



a = tf.constant(5.0, name="a", dtype=tf.float32)



b = tf.constant(13.0, name="b", dtype=tf.float32)



z = tf.Variable(tf.add(tf.multiply(a, y), b))



init = tf.global_variables_initializer()



with tf.Session() as session:



 session.run(init)



 print session.run(z)



The code returns the following:
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Placeholders




Suppose we are not aware of the value of array
 y
 during declaration phase of our TensorFlow problem, that is, before the stage for
 tf.Session()
 as
 ses
 .
 In such a case, TensorFlow expects us to declare basic structure of our data by use of
 tf.placeholder
 variable declaration. We can use it for
 y
 as shown below:



# creating TensorFlow variables



y = tf.placeholder(tf.float32, [None, 1], name='y')



Since we are not providing any initialization in the declaration, we should notify TensorFlow the data type of every element within the tensor. Our aim is to use
 tf.float32.
 Our second argument denotes the shape of the data to be injected in the variable. We need to use an array of size
 (? x 1).
 Since we don’t know the amount of data to supply to the array, we have used the
 “?”
 . The placeholder is ready to accept
 None
 argument for the size declaration. After that, we are now able to inject any amount of 1-dimensional data we need into variable
 y
 .



Our program also expects a change in
 ses.run(x,…).
 This is shown below:



x_out = ses.run(x, feed_dict={y: np.arange(0, 10)[:, np.newaxis]})



Note that the argument
 feed_dict
 has been added to the command
 ses.run(x,…).
 We have removed the mystery and we have specified what the variable y is expected to be, which is 1-dimensional range between 0 and 10. As the argument name suggests,
 feed_dict
 ,
 the input we are to supply is a Python dictionary, and every key will be the placeholder name that we are going to fill.



Now you are done and you have implemented a graph in TensorFlow. You should have the following code:



import tensorflow as tf



import numpy as np



# Begin by creating a TensorFlow constant



const = tf.constant(2.0, name="const")



# create the TensorFlow variables



y = tf.Variable(2.0, name='y')



z = tf.Variable(1.0, name='z')



# Let us create the operations



p = tf.add(y, z, name='p')



q = tf.add(z, const, name='q')



x = tf.multiply(p, q, name='x')



# creating a variable initialization



init_op = tf.global_variables_initializer()



# Launch the session



with tf.Session() as ses:



 # initialize the variables



 ses.run(init_op)



 # calculate the graph output



 x_out = ses.run(x)



 print("Variable x is {}".format(x_out))



# creating TensorFlow variables



y = tf.placeholder(tf.float32, [None, 1], name='y')



x_out = ses.run(x, feed_dict={y: np.arange(0, 10)[:, np.newaxis]})



The code will return the following:
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Here is another example that shows how to multiple two variables in TensorFlow fashion. The placeholder has been used together with a feed mechanism via the
 run
 method of the session:



import tensorflow as tf



a = tf.placeholder(tf.float32, name="a")



b = tf.placeholder(tf.float32, name="b")



c = tf.multiply(a, b, name="c")



with tf.Session() as ses:



 print ses.run(c, feed_dict={a: 2.1, b: 3.0})



The code will return the result given below:
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Building Neural Networks




We will be demonstrating how you can a neural network with 3 layers in TensorFlow. We will use the MNIST dataset which serves as the “hello world” dataset for deep learning projects. This dataset is provided by the TensorFlow package. It has 28 /8 28 grayscale image all with handwritten digits. The dataset has 55,000 training rows, 5,000 validation rows and 10,000 testing rows.



The following lines of code can help us to load the dataset:



import tensorflow as tf



from tensorflow.examples.tutorials.mnist import input_data



mnist = input_data.read_data_sets("MNIST_data/", one_hot=True)



This returns the following:


[image: ]



The above output shows that the data has been imported successfully.



The argument
 one_hot=True states that rather than the labels associated with every image being digit itself, that is, 4, it’s a vector with a “one hot” node with the rest of the nodes being 0, that is,
 [0,0, 0,0, 1, 0, 0, 0, 0, 0]
 .
 This makes it easy for one to load it into the output layer of their neural network.



We can create placeholder variables for our training data:



# Optimization variables



learning_rate = 0.5



epochs = 10



batch_size = 100



# Create placeholders for training data



# input a - for 28 x 28 pixels = 784



a = tf.placeholder(tf.float32, [None, 784])



# now create the placeholder for output data - 10 digits



b = tf.placeholder(tf.float32, [None, 10])



Note that the x input layer is 784 nodes corresponding to the
 28 * 28
 pixels, which equals to 784. The
 “?”
 has been used to represent the unknown number of inputs that are to be used. The b output layer has 10 units which correspond 10 possible digits. Again, a has a size of
 (? * 784),
 which represents an unknown number of inputs, marking the function of
 placeholder
 variable.



It is now time for us to set the bias and weight variables for our neural network. The number of weights/bias tensors always equals L-1, where L is the total number of layers. In our case, we will be setting up two tensors for each of them:



# we can declare the weights connecting our input to hidden layer



W1 = tf.Variable(tf.random_normal([784, 300], stddev=0.03), name='W1')



y1 = tf.Variable(tf.random_normal([300]), name='y1')



# then the weights connecting hidden layer to the output layer



W2 = tf.Variable(tf.random_normal([300, 10], stddev=0.03), name='W2')



y2 = tf.Variable(tf.random_normal([10]), name='y2')



y2 = tf.Variable(tf.random_normal([10]), name='y2')



We began by declaring some variables,
 W1
 and
 y1
 , representing the weights and the bias between the input and the hidden layer respectively. Our network should have
 300
 nodes in its hidden layer, so
 W1
 , which is the size for weight sensor will be
 [784, 300].
 The values for the weights have been initialized using random normal distribution having a mean of 0 and a standard deviation of
 0.03.
 We have also created the
 W2
 and
 y2
 variables to help in connecting the hidden layer of the network to the output layer.



Next, we should setup the node inputs and the activation functions for the nodes of the hidden layer. This is shown below:



# get the output of hidden layer



hidden_out = tf.add(tf.matmul(a, W1), y1)



hidden_out = tf.nn.relu(hidden_out)



In first line above, we have executed a matrix multiplication of weights (W1) by by input vector a then we added the bias
 y1
 . We used
 the
 tf.matmul operation to run the multiplication of the matrix. The hidden_out operation has then been finalized by application of rectified linear unit activation to matrix multiplication then the bias. TensorFlow comes with a rectified linear unit activation that has readily been setup for us, which is named tf.nn.relu.



We can now proceed to setup the output layer, which is y_:



b_ = tf.nn.softmax(tf.add(tf.matmul(hidden_out, W2), y2))



We have again done the weight multiplication with the output obtained from the hidden layer (hidden_out) followed by addition of the bias,
 y2
 . The softmax activation has been used for the output layer, which comes included in TensorFlow and named
 tf.nn.softmax.



A cost or loss function must also be included for backpropagation/optimization to work on. The cross entropy function should be used for this case. The following TensorFlow code can help us implement the cross entropy function:



b_clipped = tf.clip_by_value(b_, 1e-10, 0.9999999)



cross_entropy = -tf.reduce_mean(tf.reduce_sum(b * tf.log(b_clipped)+ (1 - b) * tf.log(1 - b_clipped), axis=1))



The first line is an operation that helps us convert the output b_ to clipped version, which will be limited between
 1e-10
 and
 0.999999.
 This helps us avoid having
 log(0
 )
 during the operation when performing the training, which returns NaN and breaks the process of training. The second line above is simply a cross entropy calculation.



To perform the calculation, we use the
 tf.reduce_sum
 function provided by TensorFlow. The function takes the sum of the given axis for the tensor that you supply. In our case, the supplied tensor is element-wise cross-entropy calculation for a single node and training sample. The b and b_clipped are
 (m * 10)
 tensors. Hence we should get the first sum over the second axis. To specify this, we use the
 axis==1
 argument, in which 1 denotes the second axis in cases where there is a system with zero-based indices in Python.



After that operation, we will have the
 (
 m
 x
 1
 )
 tensor. To get the tensors’ mean and complete the cross entropy cost calculation, we should call the
 tf.reduce_mean
 function of TensorFlow. The function will take the mean of any tensor that you provide. We now have a cost function that may be used for training purpose.



First, let us set the optimizer:



# Add the optimizer



optimizer = tf.train.GradientDescentOptimizer(learning_rate=learning_rate).minimize(cross_entropy)



We have used the gradient descent optimizer provided to us by TensorFlow. It should be initialized with the learning rate, hen defines what it should do, which is simply minimizing the cross entropy cost operation that we created. The function will, in turn, perform gradient descent and backpropagation on your behalf.



Before going to the main step, which involves running the operations, let us begin by setting up the variable initialization operation and an operation responsible for measuring the accuracy of the predictions. This can be done as shown below:



# Setting up the initialization operator



init_op = tf.global_variables_initializer()



# Creating the accuracy assessment operation



correct_prediction = tf.equal(tf.argmax(b, 1), tf.argmax(b_, 1))



accuracy = tf.reduce_mean(tf.cast(correct_prediction, tf.float32))



The operation for a correct prediction, that is,
 correct_prediction
 makes use of
 tf.equal
 function provided by TensorFlow which returns True or False based on whether the arguments supplied to it are equal or not. The
 tf.argmax
 function usually returns the index of the maximum element in a tensor/vector.
 The correct_prediction
 operation will return a tensor sized (m * 1) of True and False values showing whether the neural network predicted the digit correctly. Our goal is to determine the accuracy of the mean from the tensor. We should begin by casting the type of
 correct_prediction
 operation from Boolean to TensorFlow float so as to perform the
 reduce_mean
 operation. After doing that, we will have the accuracy operation that can be used for the purpose of assessing the performance of the neural network.




Preparing for Training




We can now prepare for training of the neural network. The full code should be as follows:



# Launch the session



with tf.Session() as ses:



 # initializing the variables



 ses.run(init_op)



 total_batch = int(len(mnist.train.labels) / batch_size)



 for epoch in range(epochs):



 avg_cost = 0



 for x in range(total_batch):



 batch_a, batch_b = mnist.train.next_batch(batch_size=batch_size)



 _, z = ses.run([optimiser, cross_entropy],



 feed_dict={a: batch_a, b: batch_b})



 avg_cost += b / total_batch



 print("Epoch:", (epoch + 1), "cost =", "{:.3f}".format(avg_cost))



 print(ses.run(accuracy, feed_dict={x: mnist.test.images, b: mnist.test.labels}))



The
 “
 with”
 operation has been setup and the initialization operation has been run. The third line is about the mini-batch training scheme that will be run for the neural network. In third line, we have calculated the number of batches that will be run for every epoch. We have then looped through every epoch then initialized the
 avg_cost
 variable to track the average cost entropy cost for every epoch. In the next line, we have extracted the randomized batch of samples,
 batch_a
 and
 batch_b
 from our training dataset. The MNIST dataset has a utility function named
 next_batch
 ,
 that facilitates the extraction of batches of data for training.



In the next line, we are running two operations. The
 ses.run
 can take a list of operations and run them as its first argument. In such a case, when the
 [optimiser, cross_entropy]
 is supplied as the list, the two operations will be performed. This will give us two outputs, which will then be assigned to the variables _ and
 z.
 We are not much concerned about the output we get from the optimizer operation, but we are concerned about the output we get from the
 cross_entropy
 operation which was assigned to the variable
 z
 . The optimizer operation should be run on the batch samples. The
 z
 was then used for calculation of the average cost of the epoch.



We have then printed out the progress in average cost, then once done with training, the accuracy operation was execution to show the accuracy of the trained model on the test dataset.



You should now have the following code:



import tensorflow as tf



from tensorflow.examples.tutorials.mnist import input_data



mnist = input_data.read_data_sets("MNIST_data/", one_hot=True)



# Optimization variables



learning_rate = 0.5



epochs = 10



batch_size = 100



# Create placeholders for training data



# input a - for 28 x 28 pixels = 784



a = tf.placeholder(tf.float32, [None, 784])



# now create the placeholder for output data - 10 digits



b = tf.placeholder(tf.float32, [None, 10])



# we can declare the weights connecting our input to hidden layer



W1 = tf.Variable(tf.random_normal([784, 300], stddev=0.03), name='W1')



y1 = tf.Variable(tf.random_normal([300]), name='y1')



# then the weights connecting hidden layer to output layer



W2 = tf.Variable(tf.random_normal([300, 10], stddev=0.03), name='W2')



y2 = tf.Variable(tf.random_normal([10]), name='y2')



# get the output of hidden layer



hidden_out = tf.add(tf.matmul(a, W1), y1)



hidden_out = tf.nn.relu(hidden_out)



b_ = tf.nn.softmax(tf.add(tf.matmul(hidden_out, W2), y2))



b_clipped = tf.clip_by_value(b_, 1e-10, 0.9999999)



cross_entropy = -tf.reduce_mean(tf.reduce_sum(b * tf.log(b_clipped)+ (1 - b) * tf.log(1 - b_clipped), axis=1))



# Add the optimizer



optimizer = tf.train.GradientDescentOptimizer(learning_rate=learning_rate).minimize(cross_entropy)



# Setting up the initialization operator



init_op = tf.global_variables_initializer()



# Creating the accuracy assessment operation



correct_prediction = tf.equal(tf.argmax(b, 1), tf.argmax(b_, 1))



accuracy = tf.reduce_mean(tf.cast(correct_prediction, tf.float32))



# Launch the session



with tf.Session() as ses:



 # initializing the variables



 ses.run(init_op)



 total_batch = int(len(mnist.train.labels) / batch_size)



 for epoch in range(epochs):



 avg_cost = 0



 for x in range(total_batch):



 batch_a, batch_b = mnist.train.next_batch(batch_size=batch_size)



 _, z = ses.run([optimiser, cross_entropy],



 feed_dict={a: batch_a, b: batch_b})



 avg_cost += b / total_batch



 print("Epoch:", (epoch + 1), "cost =", "{:.3f}".format(avg_cost))



 print(ses.run(accuracy, feed_dict={x: mnist.test.images, b: mnist.test.labels}))









Chapter 11- Recurrent Neural Networks with TensorFlow


An artificial neural network has a simple structure and it all involves the multiplication of matrices. The inputs are first multiplied with random weights, and bias, and then passed through an activation function and the output values that are obtained are used for making predictions. This shows that this network is far from the reality.



The loss metric is applied. A higher loss function means a dumper model. To improve network knowledge, some optimization should be done by adjusting the weights. A method known as stochastic gradient descent is used to adjust the values of weights in the right direction. After the weights have been adjusted, the network is able to use a new batch of data to test new knowledge.



The error may be lower than what you had previously, but not small enough. The optimization process should be carried out iteratively until the error is minimized, that is, no more knowledge can be extracted.



However, there is a problem with this model in that it has no memory. This means that the input and output are independent. What this means is that the model doesn’t care about what happened before. This raises a number of questions as when you need to predict sentences or time series since the network will need to have information about past words or historical data.



To solve this problem, a new architecture by the name Recurrent Neural Network (RNN) was developed.



In terms of structure, an RNN is the same as an ordinary neural network with the exception that it has some memory state added to the neurons. The computation for adding the memory is simple.



Consider a simple model having only one neuron that is fed by a batch of data. For the case of a traditional neural network, the model will produce the output by multiplying the input and the weight and the activation function. In an RNN, the output will be sent back to itself for a number of times. The
 timestep
 is the amount of time that the output becomes the input of the next matrix multiplication.



We need to code a simple RNN in TensorFlow. The network will be made up of the following:



	
Four inputs


	
Six neurons


	
2-time steps





This type of network is known as
 recurrent
 since it does a similar operation in every activate square. The network computes the weights of the inputs and the previous output then uses an activation function:



import tensorflow as tf



import numpy as np



n_inputs = 4



n_neurons = 6



n_timesteps = 2



#our data is a sequence of numbers, ranging between 0 and 9 and put in 3 batches



X_batch = np.array([



 [[0, 2, 3, 5], [7, 8, 6, 4]], # First batch



 [[3, 6, 5, 1], [0, 0, 0, 0]], # Second batch



 [[6, 7, 8, 4], [6, 3, 4, 2]], # Third batch



 ])



We can decide to build the network with a placeholder for our data, recurrent stage, and the output. Let us first define a placeholder for the data:



X = tf.placeholder(tf.float32, [None, n_timesteps, n_inputs])



We have the following in the above definition:



	
None- this is unknown and it will take the size of the batch.


	
n_timesteps- this is the number of times that the network will send the output back to the neuron.


	
n_inputs- this is the number of inputs for each batch.





We can no define the recurrent network. As we stated earlier, the network will have 6 neurons and it will compute a two dot product:



	
The input data with the first set of weights that is 6 which is equal to the number of neurons.


	
Previous output with the second set of weights that is 6 which correspond to the number of output.





In the first feed forward, the values of previous output will be equal to zeroes since there are no available values. To build an RNN, we use the
 tf.contrib.rnn.BasicRNNCell
 object. The argument to this object will be
 num_units
 
 which define the number of inputs. This is shown below:



basic_cell = tf.contrib.rnn.BasicRNNCell(num_units=n_neurons)



Now that the network has been defined, we can compute the states and the outputs. This can be done as follows:



outputs, states = tf.nn.dynamic_rnn(basic_cell, X, dtype=tf.float32)



The above object will use an internal loop to multiply the matrices for the right number of times.



What you should not forget is that the recurrent neuron is a function of all inputs of previous time steps. The network uses this to build its own memory. The information obtained from previous time can be propagated in future time. This is the magic of the RNN:



## Define the tensor shape



X = tf.placeholder(tf.float32, [None, n_timesteps, n_inputs])



## Network definition



basic_cell = tf.contrib.rnn.BasicRNNCell(num_units=n_neurons)



outputs, states = tf.nn.dynamic_rnn(basic_cell, X, dtype=tf.float32)



init = tf.global_variables_initializer()



init = tf.global_variables_initializer()



with tf.Session() as sess:



 init.run()



 outputs_val = outputs.eval(feed_dict={X: X_batch})



print(states.eval(feed_dict={X: X_batch}))



You print the values obtained from the previous state. The output that you get will be showing what you obtained from the previous state. You can now print the entire output, and you will realize that the results are previous output of every batch. This means that the previous output has the information regarding the whole sequence.



You just have to run the following print statements:



print(outputs_val)



print(outputs_val.shape)



The statements will return the following output:
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At the bottom of the above figure, it is clear that the output has a shape of (3, 2, 6) which means the following:



	
3: the total number of batches


	
2: the total number of the timestep


	
6: the total number of neurons





You can see that the process of optimizing a recurrent neural network is similar to the process of optimizing a traditional neural network.



RNNs are widely applied especially in predicting future events. They are widely used in business to predict the price of stocks and the direction that a market will take.




RNN in Time Series




RNN can be used with a time series data. Time series depend on previous time meaning that past values include very relevant information from which the network can learn. Time series prediction is used to estimate the future value of the series such as temperature, stock price, GDP etc.



It may be a bit tricky to prepare the values of a time series data. The goal is to predict the next value for a series, which means that the past information is very important as far as the prediction, is concerned. Consider the code given below:



import matplotlib.pyplot as plt



import matplotlib



import numpy as np



import pandas as pd



def create_ts(start = '2001', n = 201, freq = 'M'):



 rng = pd.date_range(start=start, periods=n, freq=freq)



 a = pd.Series(np.random.uniform(-18, 18, size=len(rng)), rng).cumsum()



 return a



a= create_ts(start = '2001', n = 222, freq = 'M')



print(a.tail(5))



We have created a function to return a dataset with random values for every day between the specified periods of time. The last 5 values of the output are as follows:
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Let us create a plot from the data:



a = create_ts(start = '2001', n = 222)



#On the Left Side



plt.figure(figsize=(11,4))



plt.subplot(121)



plt.plot(a.index, a)



plt.plot(a.index[90:100], a[90:100], "b-", linewidth=3, label="Training instance")



plt.title("A time series (generated)", fontsize=14)



#On the Right Side



plt.subplot(122)



plt.title("Training instance", fontsize=14)



plt.plot(a.index[90:100], a[90:100], "b-", markersize=8, label="instance")



plt.plot(a.index[91:101], a[91:101], "bo", markersize=10, label="target", markerfacecolor='red')



plt.legend(loc="upper left")



plt.xlabel("Time")



plt.show()



On the right part of the graph, you should see all the series.




Predictions with RNN




We can build an RNN to predict the series that we have above. We should first define hyper parameters for the model including the following:



	
The number of inputs: 1


	
The time step: 10


	
The number of neurons: 120


	
The number of outputs: 1





We need the network to learn from a sequence of 10 days and have 120 recurrent neurons. The model should be fed with one input, that is, one day. You can change the values if you need to see whether the model made an improvement or not.



As usual, before training the model, we should split the dataset into training and test sets. Since the entire dataset has 222 points, let us use the first 201 of them as the training set and the last 21 data points as the test set.



Once the splitting is done successfully, we should then create a model with the batches. In the batches, you will have both X and Y values. The X values will be lagged by one period. This means you should use the first 200 observations and the time step will be 10. The X_batches object should have 20 batches sized 10*1. The y_batches should have the same shape as X_batches object. However, it should have one period ahead.




Splitting the Dataset




We should first split the dataset into training and test sets. Let us convert the series into a numpy array then we define the windows (the times the network should learn from), the number of the input, output and size of train set:



series = np.array(a)



n_windows = 20



n_input = 1



n_output = 1



size_train = 171



After the above definitions, we can split the dataset as follows:



## Split the dataset



train = series[:size_train]



test = series[size_train:]



print(train.shape, test.shape)



The above print statement returns the following:



## Split the dataset



train = series[:size_train]



test = series[size_train:]



print(train.shape, test.shape)



The above print statement should return the following:
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At this point, you should have the following code to make sure you are progressing the right way:



import matplotlib.pyplot as plt



import matplotlib



import numpy as np



import pandas as pd



def create_ts(start = '2001', n = 201, freq = 'M'):



 rng = pd.date_range(start=start, periods=n, freq=freq)



 a = pd.Series(np.random.uniform(-18, 18, size=len(rng)), rng).cumsum()



 return a



a= create_ts(start = '2001', n = 222, freq = 'M')



#print(a.tail(5))



series = np.array(a)



n_windows = 20



n_input = 1



n_output = 1



size_train = 171



## Split the dataset



train = series[:size_train]



test = series[size_train:]



print(train.shape, test.shape)



We should now create a function that will return
 X_batches
 and
 y_batches
 .



We should write a function that will create the batches. X batches are lagged by only one period, so we take a value of
 t-1
 . The output from the function should be in three dimensions. The first dimensions should be equal to the number of batches; the second should be of window size while the last one should be the number of the input.



It is tricky for one to choose the data points correctly. For X data points, choose observations from t=1 up to t=200. For the y data point, return observations from t=2 up to t=201. After getting the correct data points, it will be easy for you to reshape the series.



For an object with the batches to be constructed, the dataset should be split into 10 batches all having an equal length, that is, 20. The reshape method can be used then parameters of -1 pass for the series to be the same as the batch size. 20 denote the number of observations for each batch while 1 denotes the number of the input. If you need a forecast of two days, then change the data by 2:



x_data = train[:size_train-1]: #Chooset all training instance less one day



X_batches = x_data.reshape(-1, windows, input): #create right shape for batch



def create_batches(df, windows, input, output):



 ## Creating X



 x_data = train[:size_train-1] # Choose the data



 X_batches = x_data.reshape(-1, windows, input) # Reshaping the data



 ## Creating y



 y_data = train[n_output:size_train]



 y_batches = y_data.reshape(-1, windows, output)



 return X_batches, y_batches



Now that we have defined the function, let us call it to create the batches:



X_batches, y_batches = create_batches(df = train,



 windows = n_windows,



 input = n_input,



 output = n_output)



At this point, you can print the shape to be sure that you have the right dimensions:
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We should create a test set with one batch of data only and 20 observations. Note that you should forecast the days after days. This means that the value that is predicted second will depend on the true value of the first day of test dataset. In fact, you will be able to know the true value.



X_test, y_test = create_batches(df = test, windows = 20,input = 1, output = 1)



print(X_test.shape, y_test.shape)



This will return the same shape as shown below:
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Building the Model




For you to build the model, you should define the following three parts:



	
The variable with tensors


	
RNN


	
The loss and optimization





Variables



The X and y variables should be specified with the right shape. This is a trivial step. The tensor has a similar dimension as objects X_batches and y_batches.



The tensor X for instance is a placeholder with three dimensions:



	
None: size of the batch


	
n_windows: Length of windows. That is, the number of times your model looks backward


	
n_input: the number of input





The result of this is shown below:



tf.placeholder(tf.float32, [None, n_windows, n_input])



Here is the code for constructing the tensors:



X = tf.placeholder(tf.float32, [None, n_windows, n_input])



y = tf.placeholder(tf.float32, [None, n_windows, n_output])



Creating the RNN



It is now time for us to define the architecture of the network. This should be done using the
 BasicRNNCell
 and
 dynamic_rnn
 objects from the TensorFlow estimator. This can be done as shown below:



basic_cell = tf.contrib.rnn.BasicRNNCell(num_units=r_neuron, activation=tf.nn.relu)



rnn_output, states = tf.nn.dynamic_rnn(basic_cell, X, dtype=tf.float32)



The next part will create an easier computation for us. The run output should be transformed to a dense layer then converted to have similar dimension as the input. This is shown below:



stacked_rnn_output = tf.reshape(rnn_output, [-1, r_neuron])



stacked_outputs = tf.layers.dense(stacked_rnn_output, n_output)



outputs = tf.reshape(stacked_outputs, [-1, n_windows, n_output])



Creating the Loss and Optimization



The optimization of the model is determined by the task that you are performing. In this case, we are making a prediction on a continuous variable. In continuous variables, the goal of performing optimization is to reduce the mean square error. In TensorFlow, such metrics are constructed using the following:



tf.reduce_sum(tf.square(outputs - y))



The rest of the code is the same as before, hence the loss can be minimized using the Adam optimizer as shown below:



tf.train.AdamOptimizer(learning_rate=learning_rate)



optimizer.minimize(loss)



Let us now pack everything together and prepare the model for training:



tf.reset_default_graph()



r_neuron = 120



X = tf.placeholder(tf.float32, [None, n_windows, n_input])



y = tf.placeholder(tf.float32, [None, n_windows, n_output])



basic_cell = tf.contrib.rnn.BasicRNNCell(num_units=r_neuron, activation=tf.nn.relu)



rnn_output, states = tf.nn.dynamic_rnn(basic_cell, X, dtype=tf.float32)



stacked_rnn_output = tf.reshape(rnn_output, [-1, r_neuron])



stacked_outputs = tf.layers.dense(stacked_rnn_output, n_output)



outputs = tf.reshape(stacked_outputs, [-1, n_windows, n_output])



## Loss and optimization



learning_rate = 0.001



loss = tf.reduce_sum(tf.square(outputs - y))



optimizer = tf.train.AdamOptimizer(learning_rate=learning_rate)



training_op = optimizer.minimize(loss)



init = tf.global_variables_initializer()



We need to train our model for 1500 epochs and print the loss after every 150 iterations. Once the model has been trained, we will evaluate it using the test data set then create an object having the predictions. This can be done as shown below:



iteration = 1500



with tf.Session() as sess:



 init.run()



 for iters in range(iteration):



 sess.run(training_op, feed_dict={X: X_batches, y: y_batches})



 if iters % 150 == 0:



 mse = loss.eval(feed_dict={X: X_batches, y: y_batches})



 print(iters, "\tMSE:", mse)



 y_pred = sess.run(outputs, feed_dict={X: X_test})



At this point, you should have the following code:



import matplotlib.pyplot as plt



import matplotlib



import numpy as np



import pandas as pd



import tensorflow as tf



def create_ts(start = '2001', n = 201, freq = 'M'):



 rng = pd.date_range(start=start, periods=n, freq=freq)



 a = pd.Series(np.random.uniform(-18, 18, size=len(rng)), rng).cumsum()



 return a



a= create_ts(start = '2001', n = 222, freq = 'M')



#print(a.tail(5))



series = np.array(a)



n_windows = 20



n_input = 1



n_output = 1



size_train = 201



## Split the dataset



train = series[:size_train]



test = series[size_train:]



#print(train.shape, test.shape)



x_data = train[:size_train-1]



X_batches = x_data.reshape(-1, n_windows, n_input) #create right shape for batch



def create_batches(df, windows, input, output):



 ## Creating X



 x_data = train[:size_train-1] # Choose the data



 X_batches = x_data.reshape(-1, windows, input) # Reshaping the data



 ## Creating y



 y_data = train[n_output:size_train]



 y_batches = y_data.reshape(-1, n_windows, output)



 return X_batches, y_batches



 X_batches, y_batches = create_batches(df = train,



 windows = n_windows,



 input = n_input,



 output = n_output)



#print(X_batches.shape, y_batches.shape)







X_test, y_test = create_batches(df = test, windows = 20,input = 1, output = 1)



#print(X_test.shape, y_test.shape)



tf.placeholder(tf.float32, [None, n_windows, n_input])



tf.reset_default_graph()



r_neuron = 120



X = tf.placeholder(tf.float32, [None, n_windows, n_input])



y = tf.placeholder(tf.float32, [None, n_windows, n_output])



basic_cell = tf.contrib.rnn.BasicRNNCell(num_units=r_neuron, activation=tf.nn.relu)



rnn_output, states = tf.nn.dynamic_rnn(basic_cell, X, dtype=tf.float32)



stacked_rnn_output = tf.reshape(rnn_output, [-1, r_neuron])



stacked_outputs = tf.layers.dense(stacked_rnn_output, n_output)



outputs = tf.reshape(stacked_outputs, [-1, n_windows, n_output])



## Loss and optimization



learning_rate = 0.001



loss = tf.reduce_sum(tf.square(outputs - y))



optimizer = tf.train.AdamOptimizer(learning_rate=learning_rate)



training_op = optimizer.minimize(loss) 



init = tf.global_variables_initializer()



iteration = 1500







with tf.Session() as sess:



 init.run()



 for iters in range(iteration):



 sess.run(training_op, feed_dict={X: X_batches, y: y_batches})



 if iters % 150 == 0:



 mse = loss.eval(feed_dict={X: X_batches, y: y_batches})



  print(iters, "\tMSE:", mse)



 y_pred = sess.run(outputs, feed_dict={X: X_test})



The code should give you the following result once executed:
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You are now able to plot the actual value of the series with predicted value. Once the model has been corrected, the predicted values should be added to the top of actual values.



It is very clear that the model has a room for improvement. It is your role to change the values of hyper parameters like window and batch size of number of recurrent neurons. Here is how to create a plot of the Predicted vs. the Actual values:



plt.title("Predicted vs Actual", fontsize=14)



plt.plot(pd.Series(np.ravel(y_test)), "bo", markersize=8, label="Actual", color='green')



plt.plot(pd.Series(np.ravel(y_pred)), "r.", markersize=8, label="Forecast", color='red')



plt.legend(loc="lower left")



plt.xlabel("Time")



plt.show()



You are done. A recurrent neural network is an architecture for dealing with text and time series analysis. The output from the previous state is fed back to fed back to help preserve the network memory over time or a sequence of words.










Chapter 12- Linear Classifier




In supervised learning, the most popular tasks are the linear regression and linear classifier. Linear regression works by predicting a value while linear classifier works by predicting a class. We will be focusing on a linear classifier.



Classification tasks form 80% of machine learning tasks. The aim of classification is to predict the probability of every class when you are given a set of inputs. The label is usually a discrete value known as a
 class
 .



If the label is made up of two classes only, the learning algorithm is referred to as a
 binary classifier
 . If the label has more than two classifiers, it is known as a multiclass classifier.



We will be using a census dataset to implement a linear classifier in TensorFlow. We need to use the variables in the dataset to predict the level of income. The income is a binary variable:



	
A value of 1 if income > 50k


	
0 if the income < 50k
 .





This means the income will be the label.



Here are the 8 categorical variables for the dataset:



	
workplace


	
education


	
marital


	
occupation


	
relationship


	
race


	
sex


	
native_country





Here are six continuous variables for the dataset:



	
age


	
fnlwgt


	
education_num


	
capital_gain


	
capital_loss


	
hours_week





You will learn how to train a linear classifier in TensorFlow estimator and improve its accuracy metric. Let us start:




Importing the Data




Let us begin by importing the libraries that are needed:



import tensorflow as tf



import pandas as pd



We need to import the data from the UCI repository then define its column names:



## Defining the path data



COLUMNS = ['age','workclass', 'fnlwgt', 'education', 'education_num', 'marital',



 'occupation', 'relationship', 'race', 'sex', 'capital_gain', 'capital_loss',



 'hours_week', 'native_country', 'label']



PATH = "https://archive.ics.uci.edu/ml/machine-learning-databases/adult/adult.data"



PATH_test = "https://archive.ics.uci.edu/ml/machine-learning-databases/adult/adult.test"



Data kept online is already split into train and test sets. You can view these sets as follows:



train_set = pd.read_csv(PATH, skipinitialspace=True, names = COLUMNS, index_col=False)



test_set = pd.read_csv(PATH_test,skiprows = 1, skipinitialspace=True, names = COLUMNS, index_col=False)



print(train_set)



print(test_set)



It returns the following:


[image: ]



Above is just a section of the data as the data is long.



TensorFlow needs a Boolean value to train the classifier. This means the values should be cast from a string to an integer. The label is now an object, but it should be transformed into a numeric value. Let us create a dictionary:



label = {'<=50K': 0,'>50K': 1}



train_set.label = [label[item] for item in train_set.label]



label_t = {'<=50K.': 0,'>50K.': 1}



test_set.label = [label_t[item] for item in test_set.label]



The train data set has
 24,720 incomes that are lower than 50K and 7841 that are above. This is almost similar for the test set:



print(train_set["label"].value_counts())



print(test_set["label"].value_counts())



print(train_set.dtypes)



Here is a section of output from the above code:


[image: ]




Data Preparation




Before training the model, we should prepare the features that are to be included into it. The estimator requires a list of features that are needed to train the model. The column data should be converted into a tensor.



We can define two lists of features depending on their type then pass them to
 feature_columns
 of the estimator:



## Adding features



### Defining the continuous list



CONT_FEATURES = ['age', 'fnlwgt','capital_gain', 'education_num', 'capital_loss', 'hours_week']



### Defining the categorical list



CATEG_FEATURES = ['workclass', 'education', 'marital', 'occupation', 'relationship', 'race', 'sex', 'native_country']



The following code will allow you to see what is happening behind the
 feature_column.numeric_column
 .
 We will print the converted value for the
 age
 to help you understand:



def show_transformation(feature = "age", continuous = True, size = 2):



 #X = fc.numeric_column(feature)



 ## Creating the feature name



 feature_names = [



 feature]



 ## Creating a dictionary with the data



 d = dict(zip(feature_names, [train_set[feature]]))



 ## Converting age



 if continuous == True:



 cont = tf.feature_column.numeric_column(feature)



 feature_columns = [cont]



 else:



 cont = tf.feature_column.categorical_column_with_hash_bucket(feature, hash_bucket_size=size)



 c_indicator = tf.feature_column.indicator_column(cont)



 feature_columns = [c_indicator]



## print the value



 input_layer = tf.feature_column.input_layer(



 features=d,



 feature_columns=feature_columns



 )



 ## Creating a lookup table



 zero = tf.constant(0, dtype=tf.float32)



 where = tf.not_equal(input_layer, zero)



 ## Return the lookup tble



 indices = tf.where(where)



 values = tf.gather_nd(input_layer, indices)



 ## Initiating a graph



 sess = tf.Session()



 ## Print the value



 print(sess.run(input_layer))



show_transformation(feature = "age", continuous = True)



Here is a section of output from the code:


[image: ]



The values are similar to what we have in
 train_set
 .



continuous_features = [tf.feature_column.numeric_column(k) for k in CONTI_FEATURES]



Categorical ways can be converted through a number of ways. Consider thie for the sex column:



show_transformation(feature = "sex", continuous = False, size = 2)



Then add this code:



relationship = tf.feature_column.categorical_column_with_vocabulary_list(



 'relationship', [



 'Husband', 'Not-in-family', 'Wife', 'Own-child', 'Unmarried',



 'Other-relative'])



Here is the code to help you in printing the encoding. The fastest way of transforming data is by using the
 categorical_column_with_hash_bucket
 method. This methods only expects you to specify the number of columns as well as the key column. The number of specified buckets will form the maximum amount of groups that TensorFlow will be able to create.



Let us create a loop over all categorical features:



categorical_features = [tf.feature_column.categorical_column_with_hash_bucket(k, hash_bucket_size=1000) for k in CATEG_FEATURES]




Training the Classifier




TensorFlow has an estimator for Linear Regression and Linear Classification:



	
Linear regression: LinearRegressor


	
Linear classification: LinearClassifier





Since this is a Linear Classifier, we can have the following in our code:



model = tf.estimator.LinearClassifier(



 n_classes = 2,



 model_dir="ongoing/train",



 feature_columns=categorical_features+ continuous_features)



Now that the classifier has been defined, it is time for us to create the input function. We will use a batch of size 128 then shuffle the data.



FEATURES = ['age','workclass', 'fnlwgt', 'education', 'education_num', 'marital', 'occupation', 'relationship', 'race', 'sex', 'capital_gain', 'capital_loss', 'hours_week', 'native_country']



LABEL= 'label'



def get_input_fn(data_set, num_epochs=None, n_batch = 128, shuffle=True):



 return tf.estimator.inputs.pandas_input_fn(



 x=pd.DataFrame({k: data_set[k].values for k in FEATURES}),



 y = pd.Series(data_set[LABEL].values),



 batch_size=n_batch,



 num_epochs=num_epochs,



 shuffle=shuffle)



We have created a function with the arguments that are needed by the linear estimator, that is, number of epochs, the number of batches then shuffle the dataset or note.



We need to train the model via the
 model. train
 object. We will use a function that was defined previously to pass correct data to the model. The batch size has been set to 128 while the number of epochs has been set to None. The model will be trained in over 1000 steps:



model.train(input_fn=get_input_fn(df_train,



 num_epochs=None,



 n_batch = 128,



 shuffle=False),



 steps=1000)



You will realize that the loss has decreased in the last few steps of training the model.



The model can be evaluated using the test data set and see well it performed. The evaluate object can be used for evaluation of the performance of the model. The model should be fed with the test data then the number of epochs set to 1, that is, to allow the data to get into the model only one time.



model.evaluate(input_fn=get_input_fn(test_set,



 num_epochs=1,



 n_batch = 128,



 shuffle=False),



 steps=1000)



All the metrics will be returned by TensorFlow. We have an unbalanced label, hence you should get a high accuracy.



At this point, you should have the following code:



import tensorflow as tf



import pandas as pd



## Defining the path data



COLUMNS = ['age','workclass', 'fnlwgt', 'education', 'education_num', 'marital',



 'occupation', 'relationship', 'race', 'sex', 'capital_gain', 'capital_loss',



 'hours_week', 'native_country', 'label']



PATH = "https://archive.ics.uci.edu/ml/machine-learning-databases/adult/adult.data"



PATH_test = "https://archive.ics.uci.edu/ml/machine-learning-databases/adult/adult.test"



train_set = pd.read_csv(PATH, skipinitialspace=True, names = COLUMNS, index_col=False)



test_set = pd.read_csv(PATH_test,skiprows = 1, skipinitialspace=True, names = COLUMNS, index_col=False)



#print(train_set)



#print(test_set)



label = {'<=50K': 0,'>50K': 1}



train_set.label = [label[item] for item in train_set.label]



label_t = {'<=50K.': 0,'>50K.': 1}



test_set.label = [label_t[item] for item in test_set.label]



print(train_set["label"].value_counts())



print(test_set["label"].value_counts())



print(train_set.dtypes)



## Adding features



### Defining the continuous list



CONT_FEATURES = ['age', 'fnlwgt','capital_gain', 'education_num', 'capital_loss', 'hours_week']



### Defining the categorical list



CATEG_FEATURES = ['workclass', 'education', 'marital', 'occupation', 'relationship', 'race', 'sex', 'native_country']



def show_transformation(feature = "age", continuous = True, size = 2):



 #X = fc.numeric_column(feature)



 ## Creating the feature name



 feature_names = [



 feature]



 ## Creating a dictionary with the data



 d = dict(zip(feature_names, [train_set[feature]]))



 ## Converting age



 if continuous == True:



 cont = tf.feature_column.numeric_column(feature)



 feature_columns = [cont]



 else:



 cont = tf.feature_column.categorical_column_with_hash_bucket(feature, hash_bucket_size=size)



 c_indicator = tf.feature_column.indicator_column(cont)



 feature_columns = [c_indicator]



## print the value



 input_layer = tf.feature_column.input_layer(



 features=d,



 feature_columns=feature_columns



 )



 ## Creating a lookup table



 zero = tf.constant(0, dtype=tf.float32)



 where = tf.not_equal(input_layer, zero)



 ## Return the lookup tble



 indices = tf.where(where)



 values = tf.gather_nd(input_layer, indices)



 ## Initiating a graph



 sess = tf.Session()



 ## Print the value



 print(sess.run(input_layer))



#show_transformation(feature = "age", continuous = True)



continuous_features = [tf.feature_column.numeric_column(k) for k in CONT_FEATURES]



show_transformation(feature = "sex", continuous = False, size = 2)



relationship = tf.feature_column.categorical_column_with_vocabulary_list(



 'relationship', [



 'Husband', 'Not-in-family', 'Wife', 'Own-child', 'Unmarried',



 'Other-relative'])



categorical_features = [tf.feature_column.categorical_column_with_hash_bucket(k, hash_bucket_size=1000) for k in CATEG_FEATURES]



model = tf.estimator.LinearClassifier(



 n_classes = 2,



 model_dir="ongoing/train",



 feature_columns=categorical_features+ continuous_features)



print(model)







FEATURES = ['age','workclass', 'fnlwgt', 'education', 'education_num', 'marital', 'occupation', 'relationship', 'race', 'sex', 'capital_gain', 'capital_loss', 'hours_week', 'native_country']



LABEL= 'label'



def get_input_fn(data_set, num_epochs=None, n_batch = 128, shuffle=True):



 return tf.estimator.inputs.pandas_input_fn(



 x=pd.DataFrame({k: data_set[k].values for k in FEATURES}),



 y = pd.Series(data_set[LABEL].values),



 batch_size=n_batch,



 num_epochs=num_epochs,



 shuffle=shuffle)



model.train(input_fn=get_input_fn(df_train,



 num_epochs=None,



 n_batch = 128,



 shuffle=False),



  steps=1000)



model.evaluate(input_fn=get_input_fn(test_set,



 num_epochs=1,



 n_batch = 128,



 shuffle=False),



 steps=1000)



 









Conclusion



Machine learning is a branch of artificial intelligence that involves the design and development of systems capable of showing an improvement in performance based on their previous experiences. This means that when reacting to the same situation, a machine should show an improvement from time to time. With machine learning, software systems are able to predict accurately without having to be programmed explicitly. The goal of machine learning is to build algorithms which can receive input data then use statistical analysis so as to predict the output value in an acceptable range.



Machine learning originated from pattern recognition and the theory that computers are able to learn without the need for programming them to perform tasks. Researchers in the field of artificial intelligence wanted to determine whether computers are able to learn from data. Machine learning is an iterative approach, and this is why models are able to adapt as they are being exposed to new data. Models learn from their previous computations so as to give repeatable, reliable results and decisions.
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