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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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Figurc 2.3 Using the machinc—learning model (f) to prcdict if customer number
m + 1 will churn.
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Figure 24  An example of a deep neural network.
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Figure 5.2 Demand forecasting using historical sales and new data sources.



Figure 5.3  Encrgy trading scenario.
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Problem definition

Environment setup

Data collection

Data preparation

v

Feature engineering

Model development

Model validation

Model risk
assurance

v

Model deployment

Model integration
and activation

v

Production model
monitoring

Model retraining

Figure 8.1 'The workflow for AI, machine learning, and data science projects.
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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 8.7  The confusion matrix setup.
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TRUE POSITIVE RATE

FALSE POSITIVE RATE

Figure 8.8 Recciver operating characteristics (ROC) curve and the area under
the curve (AUCQ).
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Figure 8.9 Comprehensive model management spans four types of con-
figurations.
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Figure 9.1 Impact of using an Al platform.
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Al modeling automation

(auto feature engineering and selection, auto ML)

Reuse of data pipelines and models

Leverage existing products from technology

companies and startups

Automation of model test and deployment

Automate model assurance

Reduce data science dependence on IT
infrastructure and procurement

Modest

Figure 9.2 Summary of benefits of using an Al placform.
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Figure 9.4  Batch versus real time for data, model training, and model
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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 po]gnomia] function using simpler linear functions

in different parts of the x-axis.
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Centralized

Federated

Decentralized

Figure 11.1  Centralized, decentralized, and federated operating models for AL

COE MANAGEMENT

STANDARDS PLATFORM ECOSYSTEM TALENT
| Use Case Standards | | Catalog Management | | Research | Learning
| Prioritization Criteria | | Platform Management | | Academic Ecosystem | Community
Best Practices CReuseabIe Startup Ecosystem Hiring
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Project Audits Commercial and Open- Platform Ecosystem Rotation
Source Products
Model Risk Tools, Templates, Seni Growth and
ervices Partners
Management and Samples Development
GOVERNANCE

Figure 11.2 Key functions within an Al center of excellence.




‘waojiofd [y up 105 stuouodwod sy gy 2anbrg

Bunndwo)

as|wald-pnojn souewWIOpNad IH

uoneiBeu| _

_ _ abeloig _

JETEL 3]
/19zISayuAg eyeq

‘pequig pue
sainjea

_ Aurenp ereq

BoUBUIBAOY)

_ sqe
eleq _

ooe|djexiepn _

— | e

ydein
abpajmouy
& sjybisu|

au

Ijedid

'leq uoreg [euwiei|

mey

au
Bujweans f——

°
L am
C T
=]
o

juswabeue|y Jazuenbay

J9101diB)U|
280In0S ISPON

lopow __ Auaisusg _ _

Buiurel] [opoN _

Ja10|dx3 [eubls

\_wN>_mc<Smn_
Aiojesoldx3

Sylomawel

auljedid [19PON Wby

Se'd _ _

o
°
]
=

Arepunog _ _ ssaulieq

lojelauan)
ainjea

seueIq]
daid ereq

uoleziensip
eleqg

\
aoueInssy

Y
eleg

H3IMVYIN 13A0ON

SO0INIBS
19661 ajes-|ie. -
ML SjEsied I9PON 1V dnand

QouewIopad _

SI9PON

|V pakojdeq _ ojes-red _ _

EwEwm.mcmS_
JaUIeu0D

Aoidaq |1epoN _ _

m:_v_om:._n_v_
1og pue |dy

BuQg ainjes _ _ Kemaren |dvy

Jaydeiboaioyn _

aouelInssy

fojdeq ainyeaq pue BugssL oIy

HIOVNVIN JONVINHO4H3d

HOLVAILOV 3ON3H34NI

suoneolddy

|euonesisAuc)

__ wiogeld 19 _

ssauisng

suoneolddy

_ SINILSAS LININIOVONI

|
|
a

26



)

|

g >
Ask Understand Request and
Question and Generate Gather Knowlgdge
Speech Knowledge Repository
7 e

Knowledge
Modeling

Understand
Document

Ingest
Documents

Y

Handling Questions

Figure 12.2
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Customer Data Platform

Figure 12.4 Orchcstrating pcrsonalization interactions.
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Figure 12.5  Activities for cmoma]g detection.
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Enterprise Applications
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Figure 12.7 RPA-based digital workforce architecture.
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# import math and data libraries

import pandas as pd

import numpy as np

from scipy.stats import uniform, randint

# import visualization libraries

import matplotlib.pyplot as plt

import seaborn as sns

9 from mpl toolkits.mplot3d import Axes3D

11 import missingno as msno

13 from imblearn.over_ sampling import SMOTE

15 # import sklearn machine learning libraries

16 from sklearn.preprocessing import LabelBinarizer, label binarize, Imputer, \
17 LabelEncoder, OneHotEncoder, StandardScaler

19 from sklearn.compose import ColumnTransformer

20 from sklearn.pipeline import Pipeline
21 from sklearn.impute import SimpleImputer

22

23 from sklearn.model_selection import train test_split, cross_val score, \
24 GridSearchCV, KFold, StratifiedKFold, RandomizedSearchCV

25

26 # import the necessary model types

27 from sklearn.linear model import LogisticRegression, LinearRegression
28 from sklearn.naive_bayes import GaussianNB

29 from sklearn.svm import LinearSVC

30 from sklearn. ble import Rand orestClassifier
31 import xgboost as xgb
32

33 # import model performance tools

34 from sklearn import metrics

35 from sklearn.metrics import precision_recall curve, roc_curve, auc, \
36 accuracy score, make_ scorer, recall score, \

37 precision_score, confusion matrix

Figure 13.1  Importing relevant libraries that will be used.

# set the folder and file names from where you want to get data
folderName = 'gdrive/My Drive/Colab Notebooks/Data/'
fileName = 'customer_churn.csv'

# create dataframe and read file into dataframe
imp data = pd.read csv(folderName + fileName)
imp_data.shape

NV e WN

o (3333, 22)

Figure 13.2  Importing the data for customer churn.
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g CUSTOMER_ID STATE AREA_CODE PHONE_NUMBER ACCOUNT_ LENGTH INTL_PLAN VMAII
0 10001 KS 415 382-4657 128 no
1 10002 OH 415 371-7191 107 no
2 10003 NJ 415 358-1921 137 no
3 10004 OH 408 375-9999 84 yes
4 10005 OK 415 330-6626 75 yes

5 rows x 22 columns

1 imp data.head()

Figure 13.3  Looking at the top few rows of the data.

1 #missing data check

2 sns.heatmap(imp_data.isnull(), cbar=False, xticklabels=True)

[» <matplotlib.axes._subplots.AxesSubplot at 0x7f2e3700c160>

QWWxITZ2 wv Wuomwounumuwuwn w
SEEEEZIR2J82J82382 808
EFESE288% 5555385535352
gGU.DE S SO EUOELOE IOE0T
3 <z—4,§<—(<<>u5muEEuE—Ju>
g w =y §o<>_l Z w0 1ZE &
gYET3 ez BEEE_—Eﬁ
a S =2 a Z0 =
9 = &
ES
IS ]

Figure 134 Hcatmap 0Fmissin9 value. If there were any, thcg would show as a
white bar for that row and column.
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# drop features that are low impact
proc_data = imp data.drop(columns=['AREA CODE','PHONE NUMBER'])
proc_data.shape

1

2

3

4

5 # transforming categorizal data to numerical values

6 target_ features = ['INTL PLAN', 'VMATIL PLAN', 'CHURN']
7 for i, target_ feature in enumerate(target features):

8 print(target feature + " : ", proc_data[target_feature].unique())
10 # use encoder and transform

11 encoder = LabelEncoder()

12 for i, target feature in enumerate(target features):

13 encoded values = encoder.fit transform(proc_data[target feature].values)

14 proc_data[target_ feature] = pd.Series(encoded values, index=imp data.index)
15 # proc_data[target_ feature] = proc_data[target_feature).astype('float64')
16 print(target feature + " : ", proc_data[target_feature).unique())

[» INTL_PLAN : ['no' 'yes']
VMAIL PLAN : ['yes' 'mo']
CHURN : ['False.' 'True.']
INTL_PLAN : [0 1]

VMAIL PLAN : [1 0]
CHURN : [0 1]

Figure 13.5 Transforming categorical text data to numerical values.

° 1 # one hot encode categorical values that have more than 2 categories

3 proc_data = pd.get_dummies(proc_data, columns=['STATE'])
4 proc_data.shape

o (3333, 71)

Figure 13.6  Onec-hot encoding of US states.

° 1 # look at distribution of numeric data sets

2 col_names = ['ACCOUNT LENGTH', 'VMATIL MSG', 'DAY_MINS', 'DAY CALLS', \
3 'DAY_CHARGE', 'EVE_MINS', 'EVE_CALLS', 'EVE_CHARGE', \
4 'NIGHT MINS', 'NIGHT CALLS', 'NIGHT CHARGE', 'INTL MINS', \
5 '"INTL_CALLS', 'INTL_CHARGE', 'CUST_SERV_CALLS']
6
7 fig, axs = plt.subplots(5,3, figsize=(14,17))
8 for i, col_val in enumerate(col names):
9 sns.distplot(proc_data[col_val], hist=True, ax=axs.flat[i])
10 axs.flat[i].set_xlabel(col_val, fontsize=8)
11 #axs.flat[i).set_ylabel('Count', fontsize=8)

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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# Create data subset for visunllzntion

states = ['CUSTOMER_ID', 'STATE AK','STATE AL','STATE AR','STATE AZ', \
'STATE_CA' 'STATE CO','STATE_CT', 'STATE_DC', 'STATE _DE',
'STATE GA', 'STA'I‘E_HI ,‘STATB IA','STATE_ID','STATE_IL',

'STATE_KS','STATE_KY' 'STATB:LA','sm'rz:m','s'mm:nn',
STATE_MO', 'STATE_MS','STATE_MT',

'S'L‘ATE ND', 'STA'I"E NE' 'STATE ] _NH', 'STATE NJ','STATE_NM',

'STATE NY', 'STATE_OH

1
2
3
4
5
6 'STATE MI', 'STAT’E MN
7
8
9 'STATE SC','STATE_SD
10

11 viz_data = proc_ data. drop(columns-stutes)

STATE_OK', 'STATE_OR','STATE_PA',
. SD','STATE_TN', 'STATE_TX','STATE_UT',
'STATE_VT','STATE WA','STATE WI','STATE WV','STATE WY'])

12 viz dntn shape

14 # Compute the correlation matrix

15 corr = viz_data.corr()

17 # Generate a mask for the upper triangle
18 mask = np.zeros_like(corr, dtype=np.bool)

19 mask[np.triu_indices_from(mask)] = True

22 # set up the matplotlib

figure

23 £, ax = plt.subplots(figsize=(11, 9))

25 # Generate a custom diverging colormap
26 cmap = sns.diverging_palette(220, 10, as_cmap=True)

28 # Draw the heatmap with the mask and correct aspect ratio

29 sns.h p(corr,

vmax=.3, center=0,

30 square=True, 11ne'vudths- . 5 » cbar_kws={"shrink": .5})

[» <matplotlib.axes._subplots.AxesSubplot at 0x7f2e37da4198>
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CHURN -
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ACCOUNT_LENGTH -

Figure 13.9 Heatmap of the
cach other.
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° 1 # exploring for outliers
2 col_names = ['ACCOUNT LENGTH', 'DAY MINS', 'DAY CALLS', 'DAY CHARGE', \
3 'EVE_MINS', 'EVE CALLS', 'EVE_CHARGE', 'NIGHT MINS', \
4 'NIGHT CALLS', 'NIGHT CHARGE']
5
6 fig, ax = plt.subplots(l, 10, figsize=(11,5))
7
8 for i, col_val in enumerate(col names):
9 sns.boxplot (y=proc_data[col val], ax=ax[i])
10 ax[i].set_ylabel('")
11 ax[i].set_xlabel(col_val, fontsize=8)
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Figure 13.10  Looking for outliers.
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1
2
3
4

# look at distribution of categorical data sets
num col names = ['INTL_PLAN', 'VMAIL PLAN', 'CHURN']

5 fig, ax =plt.subplots(l, len(num col names), figsize=(11,6))
6 for i, col_val in enumerate(num col_names):
7 sns.countplot (proc_data[col val], ax=ax([i])

[
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1000
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Figure 13.11  Imbalance in label or target data.
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1 # scaling the features

2 scaler = StundnrdScaler()

3 scale_cols = ['ACCOUNT LENGTH', 'DAY MINS', 'DAY CALLS', 'DAY CHARGE', \
- 'EVE HINS' 'EVE CALLS' 'EVE_CHARGE', 'NIGHT MINS', \

5 'NIGHT CALLS' 'NIGET CHARGE'

6 'VMAIL | HSG' 'INTL MINS' 'INTL_CALLS','INTL CHARGE']

7 scaled data = scaler.fit transform(proc data[scnla cols])

8 scalad_datu = pd.DataFrame(scaled_data, columns=scale cols)

9 scaled full data = proc_data.drop(scale_cols, axis=1)

10 scaled full data = pd.concat([scaled full data, scaled data], \

11 axis=1, sort=False)

12 scaled full data.shape

13

14 fig, (axl, ax2) = plt.subplots(ncols=2, figsize=(12, 5))
15

16 axl.set_title('Before Scaling')

17 sns.kdeplot(proc_data[ 'ACCOUNT LENGTH'], ax=axl)
18 sns.kdeplot(proc_data[ 'DAY MINS'], ax=axl)

19 sns.kdaplot(proc_datn['DAY_CALLS'], ax=axl)

20 sns.kdeplot(proc_data['DAY CHARGE'], ax=axl)
21 sns.kdeplot(proc_data[' BVE MINS' ], ax=axl)

22 sns.kdeplot(proc_data[' BVE CALLS' ], ax=axl)

23 sns.kdeplot(proc_data['EVE CHARGE'], ax=axl)
24 sns.kdeplot(proc_data[ 'NIGHT MINS'], ax=axl)
25 sns.kdeplot(proc_data['NIGHT CALLS'], ax=axl)
26 sns.kdeplot(proc_data['NIGHT CHARGE'], ax=axl)

28 ax2.set_title('After Standard Scaler')

29 sns.kdeplot(scaled_data['ACCOUNT LENGTH'], ax=ax2)
30 sns.kdeplot(scaled data['DAY MINS'], ax=ax2)

31 sns.kdeplot(scaled data['DAY CALLS'], ax=ax2)

32 sns.kdeplot(scaled_data['DAY CHARGE'], ax=ax2)
33 sns.kdeplot(scaled_datn('EVB_MINS‘], ax=ax2)

34 sns.kdeplot(scaled_data['EVE_CALLS' ], ax=ax2)

35 sns.kdeplot(scaled_data['EVE CEARGE ], ax=ax2)
36 sns.kdeplot(scaled data[' NIGHT MINS' ], ax=ax2)
37 sns.kdeplot(scaled_data[' NIGHT CALLS'], ax=ax2)
38 sns.kdeplot(scaled_data['NIGHT CHARGE'], ax=ax2)

40 plt.show()

Figure 1312 Scaling the relevant data columns.
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1 # remove columns with higher correlations, etc.

2 scaled full data['TOTAL CHARGE'] = scaled full data['DAY CHARGE'] + \
scaled full data['EVE_CHARGE'] + scaled full data['NIGHT CHARGE'] + \
scaled_full data['INTL_CHARGE']

scaled full data = scaled full data.drop(['DAY CHARGE', 'EVE_CHARGE', \
'NIGHT CHARGE', 'INTL CHARGE'], axis = 1)

AU W

Figure 13.14  Dropping individual charge columns and adding the total
charge column.

o

1 # churn by state, not using the one hot encoding

2 churn_by state = pd.crosstab(imp_data.STATE, imp data.CHURN, normalize='index')
3 churn_by state = churn by state.sort_values(by='True.')

4 churn_by state["True.")].plot.bar(title="Churn by State", figsize=(11,3))

<matplotlib.axes._subplots.AxesSubplot at 0x7f£2e37667208>
Churn by State
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Figure 13.15 Analgzing churn rate bg state.

3

# split the features from the target variable

sourcevars = scaled full data.drop(['CHURN', 'CUSTOMER ID'], axis=1)
targetvar = scaled full data['CHURN']

xTrain, xTest, yTrain, yTest = train test_split(sourcevars, targetvar, \

1

2

3

4

5

6 # split the training and validation datasets
7

8

9 test_size = 0.25, random state = 0)
0
1

sourcevars.shape, targetvar.shape

((3333, 65), (3333,))

Figure 13.16 Splitting data for training and testing in the ratio of 75:25.
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# try classification models
model = LogisticRegression(solver = 'lbfgs')

# train the algorithm on training data and predict using the testing data
model.fit(xTrain, yTrain)

predictions = model.predict(xTest)

print("Accuracy : ",accuracy_ score(yTest, predictions, normalize = True))

NV B WN

[» Accuracy : 0.8477218225419664

Figure 13.17  Set up a logistic regression model for binary classification.

° 1 # this is the accuracy if you assume NO customers will churn
2 1 - yTest.mean()

> 0.8621103117505995

Figure 1318  Percentage of customers that did not churn in the valida-
tion dataset.

1 # print(metrics.confusion matrix(yTest, predictions))

2 print(pd.DataFrame(confusion matrix(yTest, predictions),

& columns=[ 'pred no_churn', 'pred churn'],

4 index=[ 'actual no_churn', 'actual churn']))

3 pred_no_churn pred churn
actual no_churn 687 32
actual_churn 95 20

[173] 1 # look at performance metrics
2 print(metrics.classification_report(yTest, predictions))

53 precision recall fl-score  support
0 0.88 0.96 0.92 719

1 0.38 0.17 0.24 115

accuracy 0.85 834

macro avg 0.63 0.56 0.58 834
weighted avg 0.81 0.85 0.82 834

Figure 13.19  Looking at the confusion matrix and precision, recall, and F1 score.
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# create ROC curve
plt.style.use('ggplot')
y_predict_probabilities = model.predict_proba(xTest)[:,1]

fpr, tpr, _ = roc curve(yTest, y predict_probabilities)
roc_auc = auc(fpr, tpr)

plt.figure()

plt.plot(fpr, tpr, color='darkorange', lw=2, \
label='ROC curve (area = %0.2f)' % roc_auc)

plt.plot([0, 1), [0, 1], color='navy', lw=2, linestyle='--')

plt.xlim([0.0, 1.0])

plt.ylim([0.0, 1.05])

plt.xlabel('False Positive Rate')

plt.ylabel('True Positive Rate')

16 plt.title('ROC Curve')

17 plt.legend(loc="lower right")

18 plt.show()

e
NBWNHOWLENAU B WN -

[ ROC Curve

True Positive Rate

- = ROC curve (area = 0.81)

0.0 0,I2 0‘4 O,YG 0,'8 lb
False Positive Rate

Figure 13.20  Receiver operating characteristic (ROC) curve and area under the
curve (AUC).
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# data augmentation

sm = SMOTE(random state = 2)
xTrainBal, yTrainBal = sm.fit sample(xTrain, yTrain.ravel())
predictions = model.fit(xTrainBal, yTrainBal).predict(xTest)

Vs W N

[183] 1 print("Accuracy : ",accuracy_score(yTest, predictions, normalize = True))

[» Accuracy : 0.7386091127098321

[184] 1 # print(metrics.confusion matrix(yTest, predictions))
2 print(pd.DataFrame(confusion matrix(yTest, predictions),
3 columns=[ 'pred no_churn', 'pred churn'],
4 index=[ 'actual no_churn', 'actual churn']))
53 pred_no_churn pred_churn
actual_no_churn 530 189
actual churn 29 86

[185] 1 # look at performance metrics
2 print(metrics.classification_report(yTest, predictions))

53 precision recall fl-score support
0 0.95 0.74 0.83 719

1 0.31 0.75 0.44 115

accuracy 0.74 834

macro avg 0.63 0.74 0.64 834
weighted avg 0.86 0.74 0.78 834

Figure 13.21  Augmenting the minority data.
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# try classification models
# model = LogisticRegression(solver = 'lbfgs')
model = xgb.XGBClassifier(objective="binary:logistic", random state=42)

# train the algorithm on training data and predict using the testing data
model.fit(xTrain, yTrain)

predictions = model.predict(xTest)

print("Accuracy : ",accuracy score(yTest, predictions, normalize = True))

O AU B WN

[» Accuracy : 0.960431654676259

[189] 1 # print(metrics.confusion matrix(yTest, predictions))
2 print(pd.DataFrame(confusion matrix(yTest, predictions),
3 columns=[ 'pred no_churn', 'pred churn'],
4 index=[ 'actual_no_churn', 'actual churn']))
B3 pred_no_churn pred churn
actual_no_churn 710 9
actual churn 24 91

[190] 1 # look at performance metrics
2 print(metrics.classification_report(yTest, predictions))

o precision recall fl-score  support
0 0.97 0.99 0.98 719

1 0.91 0.79 0.85 115

accuracy 0.96 834

macro avg 0.94 0.89 0.91 834
weighted avg 0.96 0.96 0.96 834

Figure 1322  Trying a different algorithm - onlg 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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° 1 # explore feature importance
2 fig, ax = plt.subplots(l,1,figsize=(9,6))
3 xgb.plot_importance(model, max num features=10, ax=ax)
4 plt.show().

g Feature importance

DAY_MINS

TOTAL_CHARGE 76

EVE_MINS 58

49

INTL_PLAN 49

CQUST_SERV_CALLS 47

Features

INTL_MINS 41

VMAIL_PLAN 4

INTL_CALLS 36

NIGHT_MINS - 22

EVE_CALLS 20

F score

Figure 13.24  Featurc importance for the top 10 features in the model.
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