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Figure 2.1 Examples of functions f(x) that can be estimated by using machine 
learning on the input and output datasets.
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Figure 2.3 Using the machine-learning model (f) to predict if customer number 
m + 1 will churn.
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Input layer Hidden layer 1 Hidden layer 2 Output layer

Figure 2.4 An example of a deep neural network.
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Figure 2.5 Example of a type of knowledge graph.
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Figure 2.6 Types of AI systems.
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Figure 5.1 Heuristic showing different failure rates during equipment 
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Figure 5.2 Demand forecasting using historical sales and new data sources.
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Figure 5.3 Energy trading scenario.
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Problem definition Environment setup Data collection Data preparation

Feature engineering Model development Model validation
Model risk 
assurance

Model deployment
Model integration 

and activation
Production model 

monitoring
Model retraining

Figure 8.1 The workflow for AI, machine learning, and data science projects.
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Figure 8.3 Graph showing use cases by value and complexity.
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Figure 8.4 Process for training and validating the model.
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Figure 8.6 Training error versus testing error.
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Figure 8.8 Receiver operating characteristics (ROC) curve and the area under 
the curve (AUC).

Haq665939_c08.indd   159Haq665939_c08.indd   159 3/5/2020   7:50:44 AM3/5/2020   7:50:44 AM

17



Model Use cases and related
ideas and variations

Model
deployment

and
infrastructure

Data
snapshots

and nuances

Model selection and
parameters and
hyperparameters

Figure 8.9 Comprehensive model management spans four types of con-
figurations.
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Figure 9.1 Impact of using an AI platform.
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Figure 9.2 Summary of benefits of using an AI platform.
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Figure 9.4 Batch versus real time for data, model training, and model 
inferencing.
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Figure 9.5 The different patterns of batch or streaming data, model training, 
model inference, and usage.
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Figure 10.1 Approximating a polynomial function using simpler linear functions 
in different parts of the x-axis.
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Figure 11.1 Centralized, decentralized, and federated operating models for AI.
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Figure 12.2 Question-and-answer systems built on knowledge modeling.
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Figure 12.4 Orchestrating personalization interactions.
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Figure 12.5 Activities for anomaly detection.
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Figure 12.7 RPA-based digital workforce architecture.
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Figure 13.1 Importing relevant libraries that will be used.
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Figure 13.2 Importing the data for customer churn.
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Figure 13.3 Looking at the top few rows of the data.
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Figure 13.4 Heatmap of missing value. If there were any, they would show as a 
white bar for that row and column.
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Figure 13.5 Transforming categorical text data to numerical values.
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Figure 13.6 One-hot encoding of US states.

Figure 13.7 Plotting frequency of datasets.
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Figure 13.8 Frequency distribution of data of some of the columns.
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Figure 13.9 Heatmap of the correlations of some of the key columns with 
each other.
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Figure 13.10 Looking for outliers.
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Figure 13.11 Imbalance in label or target data.

Haq665939_c13.indd   273Haq665939_c13.indd   273 20-03-2020   07:51:5420-03-2020   07:51:54

38



Figure 13.12 Scaling the relevant data columns.
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Figure 13.14 Dropping individual charge columns and adding the total 
charge column.
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Figure 13.15 Analyzing churn rate by state.

Figure 13.16 Splitting data for training and testing in the ratio of 75:25.
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Figure 13.17 Set up a logistic regression model for binary classification.
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Figure 13.18 Percentage of customers that did not churn in the valida-
tion dataset.

Figure 13.19 Looking at the confusion matrix and precision, recall, and F1 score.
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Figure 13.20 Receiver operating characteristic (ROC) curve and area under the 
curve (AUC).
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Figure 13.21 Augmenting the minority data.
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Figure 13.22 Trying a different algorithm – only lines 2 and 3 in the first block 
have been changed to select a different model.
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Figure 13.23 ROC curve and AUC using XGBoost.
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Figure 13.24 Feature importance for the top 10 features in the model.
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