Lesson 1: Introduction to Clustering

- No labels provided - Labels provided
- Finds structure in unlabeled data - Finds patterns in existing structure

- Uses techniques such as clustering - Uses techniques such as regression
or dimensionality reduction. or classification.

Figure 1.1: Differences between unsupervised and supervised learning

Figure 1.3: Scatterplots clearly showing clusters that exist in a provided dataset



array([[-0.72690901, 2.76012303],
[-1.38504876, 2.16558784],
[-1.12519969, 0.78279526],
cee,

[-0.92272983, -0.44782031],
[ 8.26124228, -0.37099837],
[-1.01204517, 0.3228703 ]])

Figures 1.4: Two-dimensional raw data in a NumPy array

Figure 1.6: Clusters in the scatterplot
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Figurel.7: Two-dimensional scatterplot
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Figure 1.8: Clusters in the scatterplot
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Figurel.9: Two-dimensional scatterplot
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Figure 1.10: Clusters in the scatterplot
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Figure 1.11: Original raw data charted on X,y coordinates
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Figure 1.12: Reading from left to right T red points are randomly initialized centroids, and the
closest data points are assignhed to groupings of each centroid
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Figure 1.13: Euclidean distance formula
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Figure 1.14: Manhattan distance formula
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Figure 1.15: Two-dimensional, three-dimensional, and n-dimensional plots

Figure 1.16: Plot of the coordinates
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Figure 1.17: Plot of the coordinates with correct cluster labels
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Figure 1.18: First scatterplot
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Figure 1.19: Second scatterplot
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Figure 1.20: Third scatterplot



Iris - Sepal Length vs Width - Clustered
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Figure 1.21: Expected plot of three clusters of Iris species




Lesson 2: Hierarchical Clustering

- No labels provided - Labels provided
- Finds structure in unlabeled data - Finds patterns in existing structure

- Uses techniques such as clustering - Uses techniques such as regression
or dimensionality reduction. or classification.

Figure 2.1: The attributes that separate supervised and unsupervised problems
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Figure 2.2: Navigating the relationships of animal species in a hierarchical tree structure

Home Goods

Figure 2.3: Navigating product categories in a hierarchical tree structure
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Figure 2.4: An example of a two-feature dataset comprising animal height and animal weight

Point Distances

(1,7) (-5,9) (-9,4) (4,-2)

(1,7) | [[9.223e+18, 6.325e+00, 1.044e+01, 9.487e+00],
(-59) | [6.325e+00, 9.223e+18, 6.403e+00, 1.421e+01],
(-94)| [1.044e+01, 6.403e+00, 9.223e+18, 1.432e+01],
(4-2)| [9.487e+00, 1.421e+01, 1.432e+01, 9.223e+18]]

Figure 2.5: An array of distances

Point Distances

(1,7) (-5,9) (-9.4) (4,-2)

(1,7) | [[9.223e+18, 6.325e+00, 1.044e+01, 9.487e+00],
(-5,9) [6.325e+00,4MM223e+18, 6.403e+00, 1.421e+01],
(-94)| [1.044e+01, 6.403e+00, 9.223e+18, 1.432e+01],
(4-2)| [9.487e+00, 1.421e+01, 1.432e+01, 9.223e+18]]

Figure 2.6: An array of distances

Point Distances

(-2,8) (-9,4) (4,-2)

28| [[9.223e+18 8.062e+00 1.166e+01]
4| [8.062e+00 ¢mm223e+18 1.432e+01]
@2 [1.166e+01 1.432e+01 9.223e+18]]

Figure 2.7: An array of distances



Example Walkthrough Dendrogram
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Point Index

Figure 2.8: A dendrogram showing the relationship between the points and the clusters
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Figure 2.9: An animal taxonomy dendrogram
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Figure 2.10: A plot of the dummy data
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Figure 2.11: A matrix of the distances

Figure 2.12: A dendrogram of the distances
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Figure 2.13: A scatter plot of the distances



linkage: centroid

w
.

linkage: single
e
1-99

)
.
-5 [y L
L
‘
-10 bl ‘

-10 -5 0 H 10
linkage: comp
10
.‘W*’
L) o
5] ® - o ®,
Ay odd ° °
s L
IE. ’
a
-5 o =
-10 o
-10 -5 0 S 10
linkage: average
10

. .
o:ﬁ@ 3

o '.
-10 e
-10 -5 0 H 10
linkage: weighted
10

K’/

o

)
= oo ﬁ’ '
-10
-10 - 0 5 10

Figure 2.14: The expected scatter plots for all methods



Agglomerative Divisive

[[1,7),[-94],
[-5,9],[4-2]]

Figure 2.15: Agglomerative versus divisive hierarchical clustering

Clusters from Sci-Kit Learn Approach
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Figure 2.16: A plot of the Scikit-Learn approach

Clusters from SciPy Approach
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Figure 2.17: A plot of the SciPy approach
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Figure 2.18: The expected clusters from the k-means method

Wine Clusters from Agglomerative Clustering
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Lesson 3: Neighborhood Approaches and DBSCAN
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Figure 3.1: Neighbors have a direct connection to clusters

Figure 3.2: Example dendrogram
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Figure 3.3: Plot of sample data points



Point Distances

(1 17) (_519) (-9!4) (41-2)
(1,7) [[9.223e+18, 6.325e+00, 1.044e+01, 9.487e+00],
(-59)| [6.325e+00, 9.223e+18, 6.403e+00, 1.42le+01],
(-94)| [1.044e+01, 6.403e+00, 9.223e+18, 1.432e+01],
(4-2) | [9.487e+00, 1.421e+01, 1.432e+01, 9.223e+18]]
Figure 3.4: Point distances
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Figure 3.5: Visualized Toy Data Example
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Figure 3.7: Visualization of neighborhood radius where red circle is the neighborhood



Figure 3.8: Impact of varying neighborhood radius size

DBSCAN from Scratch Performance

Figure 3.10: Minimum points threshold deciding whether a group of data points is noise or a
cluster
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Figure 3.11: Plot of generated data
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Figure 3.12: Plot of Toy problem with a minimum of 10 points
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Figure 3.13: Plots of the Toy problem




Lesson 4: An Introduction to Dimensionality Reduction
and PCA

Pressure (hPa) Temperature (°C) Humidity (%)
1050 32.2 12
1026 27.8 80

Figure 4.1: Two samples of data with three different features

Figure 4.2: Electrocardiogram (ECG or EKG)

Figure 4.3: An image filtered with dimensionality reduction. Left: The original image (Photo by
Arthur Brognoli from Pexels), Right: The filtered image


https://www.pexels.com/@arthur-brognoli-1180470?utm_content=attributionCopyText&utm_medium=referral&utm_source=pexels
https://www.pexels.com/photo/people-standing-on-brown-bridge-2260784/?utm_content=attributionCopyText&utm_medium=referral&utm_source=pexels

Figure 4.1: Dimensions in a PacMan game

Data in 2 Dimensional Feature Space

Figure 4.2: Data in a 2D feature space
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Figure 4.3: A projection of a 3D sphere into a 2D space

cov(X, X) cov(X,Y) cov(X, Z)

cov =

cov(¥, X)
cov(Z, X)

cov(Y.,Y)
cov(Z,Y)

cov(Y, Z)
cov(Z, Z)

Figure 4.7: The covariance matrix

Sepal Length Sepal Width Petal Length Petal Width  Specles
5.1 3.5 1.4 02 Iris-setosa
449 3.0 1.4 0.2 Iris-setosa
47 3.2 13 0.2 lris-zetosa
46 3.1 1.5 02 Iris-setosa
5.0 36 1.4 02 Iris-setosa

Figure 4.9: The head after cleaning the data

Figure 4.8: The head of the data

Sepal Length Sepal Width
0 5.1 35
1 49 3.0
2 47 3.2
3 46 3.1
4 5.0 36
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Figure 4.10: Plot of the data

SepalLength Sepal Width

Sepal Length 0.685694 -0.039268

Sepal Width -0.039268 0188004

Figure 4.11: Covariance matrix using the Pandas method

array([[ ©.68569351, -08.03926846],
[-0.03926846, 0.18800403]1])

Figure 4.12: The covariance matrix using the NumPy method

a=USV!

Figure 4.13: An eigenvector/eigenvalue decomposition




Sepal Length Sepal Width Petal Length Petal Width

Species

8.1 3.5 1.4 02
49 3.0 14 0.2
47 3z 1.3 02
46 3.1 1.5 0.2
5.0 3.6 1.4 02

Iris-setosa

Iris-setosa

Iris-setosa

Iris-setosa

Iris-setosa

Figure 4.14: The first five rows of the dataset

Sepal Length Sepal Width
0 5.1 35
1 49 3.0
2 47 3.2
3 46 3.1
4 5.0 3.6

Figure 4.15: The Sepal Length and Sepal Width feature

.B75536827, -8.11@68158],
.B7852887, -8.86887995],
.B6846245, -8.89874988],
.B6788439, -8.8925786%],
.875eal1es, -8.13@81654],
.BB1BG8ET7, -8.14104324]7,
.BRo4ATT7RT, -8.13883783],
.B7387221, -8.18451838],
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Figure 4.16: Eigenvectors

Species

Sepal Length Sepal Width Petal Length Petal Width
8.1 3.5 1.4 02
49 3.0 14 0.2
47 3z 1.3 02
46 3.1 1.5 0.2
5.0 3.6 1.4 02

Iris-setosa

Iris-setosa

Iris-setosa

Iris-setosa

Iris-setosa

Figure 4.17: The first five rows of the dataset




Sepal Length Sepal Width
0 5.1 35
1 49 3.0
2 47 3.2
3 46 3.1
4 5.0 36

Figure 4.18: The sepal length and sepal width feature

array([[ ©.68569351, -0.03926846],
[-0.83926846, ©.18800403]])

Figure 4.19: The covariance matrix for the selected data

array([[-8.99693955, 0.07817635],
[ ©.07817635, ©.99693955]])

Figure 4.20: Eigenvectors

array([-4.81e77444, -4,65847471, -4.43545153, -4,34357521, -4.78326285,
-5.87858577, -4.32812231, -4.71839812, -4.15982257, -4.64265788,
-5.894221a4, -4.51951821, -4.55878876, -4.85231698, -5.4560954395,
-5.33857945, -5.078L8LYT, -4.81877444, -5,.38G48526, -4.78732154,
-5.11767394, -4.708513917, -4.36448783, -4.826408%71, -4.510951621,
-4.75816867, -4.71880812, -4.9184684 , -4.918286682, -4.43545153,
-4.54206312, -5.11757394, -4,86356259, -5.15482681, -4.4642657@38,
-4.7345333%9, -5.289554826, -4.64265743, -4.15288494, -4.813859285,
-4.7118824%9, -4.38642234, -4.13636957, -4.7118884%9, -4.78732154,

Figure 4.21: The result of matrix multiplication




array([-4.81877444, -4.05847471, -4.43545153, -4.34357521, -4.78320285,
-5.87858577, -4.32012231, -4.71889812, -4.15982257, -4.064265708,
-5.09422104, -4.51951021, -4.55078076, -4.05231098, -5.46954395,
-5.33857945, -5.87858577, -4.81077444, -5.38548526, -4.78732154,
-5.11767394, -4.79513917, -4.30448703, -4.82640971, -4.51951021,
-4.75816867, -4.71889812, -4.9104684 , -4.91828603, -4.43545153,
-4.54296312, -5.11767394, -4.86356259, -5.15482681, -4.64265708,
-4.73453339, -5.20955026, -4.64265708, -4.15200494, -4.81859208,
-4.71108049, -4.30642234, -4.13636967, -4.71108049, -4.78732154,
-4.55078076, -4.78732154, -4.33575758, -4.99452708, -4.72671576,
-6.72841249, -6.13024876, -6.63653617, -5.303306189, -6.26121325,
-5.46366162, -6.02273717, -4.69738052, -6.3538B8957, -4.97300948,
-4.82834502, -5.64741426, -5.80964929, -5.8546198 , -5.35615003,
-6.43714826, -5.34833239, -5.57117321, -6.0090372 , -5.38742057,
-5.63177899, -5.86243744, -6.08527825, -5.86243744, -6.15370166,
-6.34527194, -6.56029512, -6.44496589, -5.75492585, -5.47929689,
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Figure 4.22: The output of PCA

The dataset transformed by the principal component
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Figure 4.23: The Iris dataset transformed by using a manual PCA




Sepal Length Sepal Width Petal Length Petal Width  Specles
0 8.1 3.5 1.4 02 Iris-setosa
1 449 3.0 1.4 0.2 Iris-setosa
2 47 32 13 02 Iris-setosa
3 46 3.1 1.5 0.2 Iris-5etosa
4 8.0 36 1.4 02 Iris-setosa

Figure 4.24: The first five rows of the dataset

Sepal Length Sepal Width
0 5.1 35
1 49 3.0
2 47 3.2
3 46 3.1
4 5.0 3.6

Figure 4.25: The Sepal Length and Sepal Width features

PCA(copy=True, iterated power='auto', n components=None, random state=None,
svd solver='auto', tol=0.0, whiten=False)

Figure 4.26: Fitting data to a PCA model

array([[ ©.99693955, -8.87817635],
[ ©.87817635, ©.99693955]])

Figure 4.27: Eigenvectors

PCA(copy=True, iterated power='auto', n_components=1l, random state=None,
svd solver='auto', tol=0.0, whiten=False)

Figure 4.28: The maximum number of eigenvalues and eigenvectors
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Figure 4.29: The Iris dataset transformed using the scikit-learn PCA
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Figure 4.30: The expected final plot




Sepal Length Sepal Width
0 5.1 35
1 49 3.0
2 47 3.2
3 46 3.1
4 5.0 36

Figure 4.31: Sepal features

array([[-8.74333323, 0.446 T.
[-6.94333333, -8.854 1
[-1.14333333, ©.146 1
[-1.24333333, ©.846 1
[-©.84333333, ©.546 1
[-©.44333333, ©.846 1
[-1.24333333, @.346 1
[-0.84333333, ©.346 1

Figure 4.32: Section of the output

array ([ [-7.73550366e-01, 6.065800152-02],
[-9.333595@8e-01, 7.319@6401e-82],
[-1.14772462e+80, 9.00003684e-082],
[-1.23931976e+80, 9.71829241e-82],
[-8.80732022e-81, 6.98638556e-082],
[-5.865586602-81, 3.97224787e-82],
[-1.262780392+80, 0.0816386%=2-82],
[-8.65145502e-81, 6.78415472e-82],
[-1.42251003e+80, 1.11548035e-81],
[-9.41153218e-01, 7.38017944e-82],

Figure 4.33: The inverse transform of the reduced data
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Figure 4.34: The inverse transform after removing variance

arrayi( [

[-&
[-&
[-1
[-1
[-&.
[-&
[-1
[-8

[a]

74333333,
.84333333, -
.14333333,
.24333333,
24333333,
.44333333,
24333333,
84333333,

]

DD Do 05

448
.854
L1486
L8458
L5458
L8458
L3445
348

-

-

el R b b |
-

1
1.

Figure 4.35: The restored data
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Inverse transform after removing variance
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Figure 4.36: The inverse transform after removing the variance
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Figure 4.37: The Sepal features from the Iris dataset




Inverse transform after removing variance
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Figure 4.38: The inverse transform after removing the variance
Inverse transform after removing variance
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Figure 4.39: The inverse transform after removing the variance




Sepal Length | Sepal Width | Petal Width
051 3.5 0.2
114.9 3.0 0.2
2047 3.2 0.2
348 3.1 0.2
450 3.6 0.2

Figure 4.40: The first five rows of the data
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Figure 4.41: The expanded Iris dataset
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Figure 4.42: Expected plots
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Lesson 5: Autoencoders

Figure 5.4: Autoencoder de-noising

Figure 5.5: Encoder/decoder representation
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Figure 5.6: CIFAR-10 dataset
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Figure 5.7: Anatomy of a neuron
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Figure 5.8: Output of the sigmoid function
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Figure 5.9: Output of ReLU
array([-5. , -4.8989899 , -4.7979798 , -4.8989897 , -4.59595%6 ,
-4.,49494949, -4,39393939, -4.29292929, -4.19191919, -4.09090909,
-3.98989899, -3.8888B8BBB9, -3.78787879, -3.0BbBbHBHI, -3.58585859,
-3.48484848, -3.38383838, -3.28282828, -3.18181818, -3.0B0B0B0B,
-2.97979798, -2.8B7B7BVBB, -2.77777778, -2.070706708B, -2.57575758,
-2.47474747, -2.37373737, -2.27272727, -2.17171717, -2.07070707,
-1.96969697, -1.86868687, -1.76767677, -1.66666667, -1.56565657,

Figure 5.7:

Printing the inputs

1.0

Figure 5.8: Plot of neurons versus inputs
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Figure 5.9: Output curves of neurons
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Figure 5.10: Expected output curves




Input Layer Layer 1 Qutput Layer

Height

Figure 5.11: Simplified representation of a neural network

hi1(X110111 + x120121+. ...+, 0101)

Figure 5.12: Calculating the output of the last node

Layer (type) Output Shape Param #
dense_ 1 (Dense) (None, 500) 512500
dense 2 (Dense) (None, 10} 5818

Total params: 517,518
Trainable params: 517,518
Mon-trainable params: @

Figure 5.13: Structure and count of trainable parameters in the model
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Figure 5.14: Selecting the correct learning rate (one epoch is one learning step)
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Figure 5.15: Displaying the labels

array([[ 59, 43, 58, ..., 140, 84, 72],
[154, 126, 105, ..., 139, 142, 144],
[255, 253, 253, ..., 83, 83, 84],
[ 71, &0, 74, ..., 68, 69, 68],
[250, 254, 211, ..., 215, 255, 254],
[ 62, 61, 68, ..., 130, 130, 131]], dtype=uint8)

Figure 5.16: Content of the data key




Figure 5.17: The first 12 images

{b'num cases per batch': 10008,
b'label names': [b'airplane’,
b'automobile’,
b'bird",
b'cat’,
b'deer’,
b'dog',
b'frog’,
b'horse’,
b'ship',
b'truck'],
b'num vis': 3072}

Figure 5.18: Meaning of the labels

['airplane’,
‘automobile’,
'bird",
‘cat',
‘deer’,
"dog",
'frog’,
'horse',
‘ship’,
"Truck']

Figure 5.19: Printing the actual labels

frog, truck, truck, deer, automobile, automobile, bird, horse, ship, cat,
deer, horse,




Figure 5.20: Labels of the first 12 images

array([[®., ©., ©., 0., 0., 8., 1., 0., 8., 0.
[e., ., 0., 0., 0., 6., 0., 0., 0., 1.
[e., ., 0., 0., 6., 0., 0., 0., 0., 1.
[e., ©., 0., 0., 1., 6., 0., 0., 0., 0.
[e., 1., 6., 0., 0., 0., 0., 0., 0., 0.
[e., 1., 6., 0., 6., 6., 0., 0., 0., 0.
[e., ., 1., 0., 6., 0., 0., 0., 0., 0.
[e., ., 0., 0., 6., 6., 0., 1., 0., 0.
[e., ., 0., 0., 0., 6., 0., 0., 1., 0.
[e., ., 0., 1., B., 6., 0., 0., 0., 0.
[e., ©., 0., 0., 1., 6., 0., 0., 0., 0.
[e., ., 0., 0., 0., 0., 0., 1., 0., O.

Figure 5.22: Displaying the first 12 images again.

Epoch 97/108

loe06a/10000 [ ] - 25 178us/step
Epoch 958/1680
loeee/ 10800 [ ] - 25 176us/step
Epoch 93/100
leeea/leeee [ ] - 25 174us/step
Epoch 188/180
loeee/ 10800 [ ] - 25 178us/step

<keras.callbacks.History at 0x7f12b3c7b978=

loss:

loss:

loss:

B.4526

0.4488

B.4384

1 B.4322

accC:

acc:

accC:

aCcC:

©.8824

8.8871

©.8940

©.8955

Figure 5.23: Training the model




array([[2.72101886e-083,
4,.87272721e-083,
7.23911216e-04, 2.62686226e-04],
[3.80214946e-04, 1.14106536e-01, 4.17048521e-082,

.82521220e-03, 5.80681080e-04,
LI3771027e-02, 9.62930799%e-01,

6.33396162e-03, 7.89529204e-01],
[1.38785226e-05, 7.90050399%e-05, 4.83187078e-05,
3.49369337e-04, 3.01616683e-06, 5.77264291e-06,

2.B88835592e-03,
5.6974710%e-03,

1.38805415e-02,

1.66309916e-03,
3.29875777e-083,

2
1
2
1
4.82545962e-04, 3.11067980e-082, 1.82458533e-04, 2.45292974e-03,
7
7
3
9

2.98287741e-05, 9.94524956e-01],

Figure 5.24: Printing the predictions

Input Layer Layer 1 Output Layer

1in

............................................................................... .P _____________-..
Encoder — Decoder
¥
Output of layer 1 used for unsupervised
learning

Figure 5.25: Simple autoencoder network architecture

Epoch 957100

laaee/ 10068 [ ] - 4s 416us/step - loss: 8.5779
Epoch 96/108

lepaa/l1eeee [ ] - 4s 418us/step - loss: 8.5777
Epoch 97/1008

lepaa/1ee00 [ ] - 4s 434us/step - loss: 8.5778
Epoch 98,100

le0a8/10000 [ ] - 4s 428us/step - loss: 8.5776
Epoch 99/1008

lepaa/l1eee0 [ ] - 4s 438us/step - loss: 8.5775
Epoch 188/188

leaee/ 10088 [ ] - 4s 404us/step - loss: 8.5775
=keras.callbacks.History at 0x7fb44d6Te8d0=

Figure 5.26: Training the model




Figure 5.27: Output of simple autoencoder

Figure 5.28: Expected plot of original image, the encoder output, and the decoder




Epoch 93/100
lepeoa/leeee [
Epoch 94/108
l10000/10000 [
Epoch 95/166
lea86/100608 [
Epoch 96/180
leaee/100608 [
Epoch 97/108
lepeoa/leeee [
Epoch 98/1608
l10000/10000 [
Epoch 99/166
lea86/100608 [
Epoch 188/100
leaee/100608 [

1 - las

] - 1l@s

] - 1l@s

1 - las

1 - las

] - 1l@s

] - 1l@s

] - 95 945us/step - loss: 8.5885

965us/step - loss: 0.5806
969us/step - loss: 0.5807
968us/step - loss: 0.5804
Ims/step - loss: 0.5803

971us/step - loss: 0.5804
970us/step - loss: ©.58802

972us/step - loss: ©.5799

Figure 5.29: Training the model

i o
= 0 £3

Figure 5.30: Output of multi-layer autoencoder

Figure 5.31: Demonstration of sample matrix




Epoch 1/28
lagaa/l1e0e6
Epoch 2/28
leeee/ 10688
Epoch 3/28
leooe/l1e008
Epoch 4/28
leooe,/l1ee0e
Epoch 5/28
lagaa/l1e0e6
Epoch 6/28
leeee/ 10688
Epoch 7/28
leooe/l1e008
Epoch 8/28
leooe,/l1ee0e
Epoch 9/28
lagaa/l1e0e6
Epoch 18/20
leeee/ 10688
Epoch 11/20
leooe/l1e008
Epoch 12/28
leooe,/l1ee0e
Epoch 13/20
lagaa/l1e0e6
Epoch 14/20
leeee/ 10688
Epoch 15/20
leooe/l1e008
Epoch 16/28
leooe,/l1ee0e
Epoch 17/20
lagaa/l1e0e6
Epoch 18/20
leeee/ 10688
Epoch 19/20
leooe/l1e008
Epoch 28/28
leeoe/l1ee0e

] - 21s
1 - 21s
1 - 22s
1 - 21s
] - 21s
1 - 21s
1 - 21s
1 - 21s
] - 21s
1 - 21s
1 - 21s
1 - 21s
] - 21s
] - 225
1 - 22s
1 - 22s
] - 225
] - 225
1 - 22s
1 - 22s

2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step

2ms/step

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

.5934

. 5687

.9633

.2602

.5590:

.3581

.5578

.2572

. 2566

.3557

.9553

.2552

.5551

.5543

.5544

.5548

.5541

.3539

.5538

.5539

Figure 5.32: Training the model
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Figure 5.33: The original image, the encoder output, and the decoder
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Figure 5.34: Expected original image, the encoder output, and the decoder




Lesson 6: t-Distributed Stochastic Neighbor Embedding
(t-SNE)

ENM
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—|%»]C

Figure 6.10: MNIST data sample
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Figure 6.11: MNST reduced using PCA to 30 components
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Figure 6.12: Kullback-Leibler divergence.



Figure 6.4: Output after loading the dataset
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Figure 6.5: Visualizing the effect of reducing the dataset

TSNE(angle=0.5, early exaggeration=12.80, init='random', learning rate=200.0,
method='barnes hut', metric='euclidean', min grad norm=le-87,
n _components=2, n iter=1000, n iter without progress=380,
perplexity=36.0, random state=None, verbose=0)

Figure 6.6: Applying t-SNE to PCA-transformed data




[t-SNE]
[t-SNE]
[t-SNE]
[t-SNE]
[t-SNE]
[t-SNE]
[t-SNE]
[t-SNE]
[t-SNE]
[t-SNE]
[t-SNE]
[t-SNE]
[t-SNE]
[t-SNE]
[t-SNE]
[t-SNE]

Computing 91 nearest neighbors...
Indexed 10860 samples in 8.016s...
neighbors for 18008 samples in 5.454s...

Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed

conditional
conditional
conditional
conditional
conditional
conditional
conditional
conditional
conditional
conditional

probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities

Mean sigma: 384.998835

KL divergence after 250 iterations
KL divergence after 1080 iterations: 1.696535

for
for
for
for
for
for
for
for
for
for

sample
sample
sample
sample
sample
sample
sample
sample
sample
sample

with early

lege / lopee
Zgee / looaa
Jeee / leeee
4ge0 / lecee
seee / lecaa
goee / lecee
jeee / leeee
geee / lecea
Sgee / lecee
logea / loees|

exaggeration: 85.546951

Figure 6.7: Transforming the decomposed dataset

Low Dimensional Representation of MNIST

25 1

T
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Figure 13.8: 2D representation of MNIST (no labels).




Low Dimensional Representation of MNIST
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Figure 6.9: 2D representation of MNIST with labels.
9 4

Figure 6.10: PCA images of nine.

Figure 6.11: Shape of number four

array([ 7, 10, 12, ., 9974, 9977, 9991])

75




Figure 6.12: Index of threes in the dataset.

array([ 0, 1, o, 11, 13, 14, 17, 18, 13,
23, 23, 29, 30, 31, 32, 34, 35, 37,
11, 42, 13, 15, 38, 31, 32, 54, 35,
38, 39, 60, 61, 62, 63, 66, 67, 68,

21,
38,
56,
71,

22,
39,
57,
72,

Figure 6.13: The threes with x value less than zero.

array([[-16.126516 , 35.23472 ],
[ -4.217844 , 31.871649 ],
[ -2.3769686, 35.472614 ],
[ -6.4078546, 38.2851 ],
[-10.40415 , 45.599823 ],
[ -8.813534 , 39.997196 ]], dtype=float32)

Figure 6.14: Coordinates away from the three cluster

Figure 6.15: Image of sample ten




Low Dimensional Representation of Wine
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Figure 6.16: The expected plot



Computing 1@ nearest neighbors...
Indexed 10000 samples in @.818s...
neighbors for 10000 samples in 3.438s...

Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed

conditional
conditional
conditional
conditional
conditional
conditional
conditional
conditional
conditional
conditional

probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities

Mean sigma: 165.134196

KL divergence after 250 iterations
KL divergence after 1008 iterations: 1.850921
Computing 91 nearest neighbors...
Indexed 10000 samples in @.814s...
neighbors for 18080 samples in 5.129s...

Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed

conditional
conditional
conditional
conditional
conditional
conditional
conditional
conditional
conditional
conditional

probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities

Mean sigma: 283.586365

KL divergence after 250 iterations
KL divergence after 1808 iterations: 1.696069
Computing 981 nearest neighbors...
Indexed 18088 samples in 0.013s...
neighbors for 18000 samples in 7.993s...

Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed
Computed

conditional
conditional
conditional
conditional
conditional
conditional
conditional
conditional
conditional
conditional

probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities
probabilities

Mean sigma: 393.939776
KL divergence after 250 iterations

KL divergence after 1008 it
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for

sample
sample
sample
sample
sample
sample
sample
sample
sample
sample

with early

for
for
for
for
for
for
for
for
for
for

sample
sample
sample
sample
sample
sample
sample
sample
sample
sample

with early
1.193975

loeoe
10000
10000
10000
10680
le080
le080

leee /
2000 /
3000 /
4000 /
5000 /
6000 /
7000 /
8000 / lo0ee
9000 / leeee
leeee / leeoe

exaggeration: 96.804878

leeee
leeee
leeee
leeee
leeee
loeoe
10000

leee /
2000 /
3eee /
4000 /
seee /
600 /
7000 /
8000 / le0ee
9000 / leeee
leeee / leooe

exaggeration: 85.399399

leeee
leeee
loeee
loeee
loeee
loeee
leeee

leee /
2000 /
3eee /
4000 /
seee /
eoee /
joee /
goee / leeee
9000 / leeee
logee / lecoe

exaggeration: 67.932961

Figure 6.17: Iterating through a model




Low Dimensional Representation of MNIST (perplexity = 3)
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Figure 6.18: Plot of low perplexity value
Low Dimensional Representation of MNIST (perplexity = 30)
100 A1
75 -
50
25 1 y . ;
i -.' % :
-25 : ‘ ;
Y R 1 |
=75 o | '
-80 60 40 20 0 20 a0 80

Figure 6.19: Plot after increasing perplexity by a factor of 10




Low Dimensional Representation of MNIST (perplexity = 300)
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Figure 6.20: Increasing the perplexity value to 300
Low Dimensional Representation of MNIST (iterations = 250)
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Figure 6.21: Plot after 250 iterations



Low Dimensional Representation of MNIST (iterations = 500)
AT Sty
40 1 .‘-:.'\‘ 4, 1
. e N st ,'-
oo o ¥ e
..';v -~ ",v':_ o ‘: by 28
L B VLA ¥ fle
A b LK
- < .
20 A <<
-

-20 1 1 b, o .
¢ 7‘ P iavie
CY S 2N S ] J
e T P
-40
—40 30 -20 -10 0 10 20 30
Figure 6.22: Plot after increasing the iterations to 500
Low Dimensional Representation of MNIST (iterations = 1000)
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Figure 6.23: Plot after 1,000 iterations




Lesson 7: Topic Modeling

Data science is the science of extracting

or inference. The field is a merger of statistics, «—

information from data whether through prediction |
? Modeling

mathematics, computer science, and domain

order to work through all the data available
and more businesses want to push model results

to the consumer faster, so data scienti > Engineering
be able to build productionaliz ms that

work quickly, at scale,and without fault.

Figure 7.1: Example of identifying words in a text and assigning them to topics

Library Use

langdetect Used to detect the language of any text.

matplotlib.pyplot Used to do basic plotting.

nltk Used to do a variety of natural language processing tasks.
numpy Used to work with arrays and matrices.

pandas Used to work with data frames.

PYLDAVis Used to visualize the results of Latent Dirichlet Allocation models.
PYLDAvis.sklearn Used to run pyLDAvis with sk1earn models.

regex Used to write and execute regular expressions.

sklearn Used to build machine learning models.

Figure 7.2: Table showing different libraries and their use
ModuleNotFoundError Traceback (most recent call last)
<ipython-input-3-a62286aed48f9> in

4 impeort numpy
5 import pandas
-===> B import pyLDAvis
7 import pyLDAvis.sklearn
8 import regex

ModuleMNotFoundError: No module named 'pylLDAvis’®

Figure 7.3: Library not installed error




[nltk data] Downloading package wordnet to

[nltk_data] C:\Usersi\rutujay\AppData‘\Roaming\nltk_data...

[nltk_data] Unzipping corpora\wordnet.zip.
[nltk_data] Downloading package stopwords to

[nltk data] C:\Usersi\rutujay\AppData’\Roaminginltk data...

[nltk_data] Unzipping corpora\stopwords.zip.

True

Figure 7.4: Importing libraries and downloading dictionaries

Collect
Data

Ask
Question

Extract
Patterns

Answer

Question

Make
Assumptions

Figure 7.5: The generic topic modeling workflow

-

Topics

md

Figure 7.6: Inferring topics from word groupings



Group 1 Group 2

Figure 7.7: Sorting/categorizing documents

SHAPE :
(93239, 11)

COLUMN MNAMES:

Index(['IDLink', 'Title', 'Headline', 'Source', 'Topic', 'PublishDate’,
"SentimentTitle’, 'SentimentHeadline', 'Facebook’, 'GooglePlus’,
"LinkedIn'],

dtype="object")

HEAD:
IDLink Title
8@ 99248.8 Obama Lays Wreath at Arlington National Cemetery
1 18423.9 A Look at the Health of the Chinese Economy
Headline Source Topic
8@ Obama Lays Wreath at Arlington Mational Cemete... USA TODAY obama
1 Tim Haywood, investment director business-unit... Bloomberg economy
PublishDate SentimentTitle SentimentHeadline Facebook &
g 2002-84-92 98:00:08 g.age08e -8.853380 -1
1 2003-89-20 98:00:00 @.288333 -8.156386 -1

GooglePlus LinkedIn
& -1 -1
1 -1 -1

Figure 7.8: Raw data




HEADLIMNES:

["Obama Lays Wreath at Arlington National Cemetery. President Barack Obama has laid a wreath at the Tomb of the Unknowns to hon
or', 'Tim Haywood, investment director business-unit head for fixed income at Gam, discusses the China beige book and the state
of the economy.', “"Nouriel Roubini, NYU professor and chairman at Roubini Global Economics, explains why the global economy is
n't facing the same conditions"”, "Finland's economy expanded marginally in the three months ended December, after contracting i
n the previous guarter, preliminary figures from Statistics Finland showed Monday. ", 'Tourism and public spending continued to
boost the economy in January, in light of contraction in private consumption and exports, according to the Bank of Thailand dat

a. ']

LENGTH:
93239

Figure 7.9: A list of headlines

Over 18@ attendees expected to see latest version of Microsoft Dynamics SL and Dynamics GP (PRWeb February 29, 2016) Read the f
ull story at http://www.prweb.com/releases/2016/83/prwebl3238571.htm

Figure 7.10: The fifth headline

DETECTED LANGUAGE:
en

Figure 7.11: Detected language

['Over', '18@', 'attendees', 'expected’, 'to', 'see’, 'latest', ‘version', 'of', 'Microsoft', 'Dynamics’', 'SL", 'and', 'Dynamic
s', 'GP', "(PRWeb', 'February', '29,°, '2016)', 'Read’, 'the', 'full’, 'story', 'at’, 'http://www.prweb.com/releases/2016/83/pr
web13238571.htm', '"]

Figure 7.12: String split using white spaces

["Over', '100', "attendees', 'expected’, 'to', 'see’, 'latest’, 'version’, 'of', 'Microsoft’, 'Dynamics’, 'SL', ‘and', 'Dynamic
s', 'GP', '(PRWeb', 'February', '29,°, '2015)', 'Read’, 'the’', "full', 'story’, ‘at’, 'URL", "]

Figure 7.13: URLs replaced with the URL string

['Over’, '188', 'attendees', 'expected’, 'to', 'see’, 'latest’, 'version', 'of', 'Microsoft’', 'Dynamics’, 'SL’
s', 'GP', 'PRWeb', 'February', '29", '2016', 'Read', "the', 'full', 'story’, 'at’, 'URL', ']

, 'and', 'Dynamic

Figure 7.14: Punctuation replaced with newline character

['Over', "', "attendees’, 'expected’', "to', 'see’, 'latest’, ‘version', 'of’, 'Microsoft’', ‘Dynamics’, 'SL', 'and’, 'Dynamics’,
'GP', 'PRWeb’, 'February', '', '', 'Read’, 'the', 'full', 'story’, ‘'at’, 'URL", ']

Figure 7.15: Numbers replaced with empty strings

["over’, '", 'attendees', 'expected', 'to', 'see', 'latest', 'version', 'of', 'microsoft’', 'dynamics’, 'sl', 'and', ‘'dynamics’,

gp', ‘prweb’, 'february', » , 'read’, 'the’, 'full', 'story’, 'at’, 'URL', "'']

Figure 7.16: Uppercase letters converted to lowercase

['over', 'attendees’, 'expected', 'to', 'see', 'latest', 'version', ‘of', 'microsoft', 'dynamics’, 'sl', '

p', 'prweb', 'february', 'read', 'the', 'full', 'story’', 'at']

and', 'dynamics', 'g

Figure 7.17: String URL removed




["i*, "me’, "my’, ‘myself’, 'we', ‘our’, ‘ours’, ‘ourselves’, ‘you', ‘youre', ‘youve', 'youll', ‘youd', ‘your’, ‘yours', ‘yours
elf', 'yourselves', 'he', 'him', 'his', 'himself', 'she’, 'shes', ‘her’, 'hers', ‘herself', 'it', 'its', 'its', ‘'itself', 'the
y', 'them', 'their', 'theirs’', 'themselves', 'what', ‘which’', 'whe', ‘whom', 'this', ’"that’', 'thatll’', 'these', 'those', 'am’,
‘is’, ‘"are’, 'was’, ‘'were’, 'be’, ‘been’', 'being’, "have', 'has', 'had', ‘having', ‘do’, ‘does’, 'did’', ‘'deoing’', 'a’, "an’, 'th

e', 'and', 'but', 'if', 'or', 'because’, ‘'as', 'until’, ‘'while', 'of', 'at', 'by', 'for', 'with', 'about', 'against', 'betuee

n', 'into', "through', 'during’', 'before’, ‘after’, 'above', 'below', 'to', 'from', ‘up', ‘down', 'in', 'out’, ‘on', 'off’', ‘ov
er', 'under', 'again', 'further', 'then', 'once’', 'here’', 'there', 'when', 'where', 'why', 'how', 'all', ‘any', ‘'both', 'each’,
‘few', 'more’, 'most’, ‘other', 'some’', ‘such’, 'ne’, 'nor', '‘not', ‘only', 'own', ‘same’, 'so’, 'than’, ‘too’, ‘'wvery', 's’,

't', 'can', 'will', 'just’, ‘'don', ‘'dont’, 'should', 'shouldve', 'now', ‘d', *11', ‘m", ‘o', ‘re’, 've', 'y', 'ain', ‘aren’, 'a

rent’, 'couldn’, ‘couldnt’, "didn', 'didnt', ‘doesn’, ‘'doesnt’, ‘hadn', "hadnt', 'hasn', "hasnt', 'haven', 'havent', "isn', 'is
nt', 'ma’', 'mightn’, 'mightnt’', ‘mustn’, 'mustnt’, ‘needn’, 'neednt’, ‘shan’', 'shant’', 'shouldn’', ‘shouldnt’', ‘'wasn’, ‘wasnt’,
‘weren’, 'werent', 'won’, 'wont', 'wouldn', ‘wouldnt']

Figure 7.18: List of stop words

["attendees’, 'expected', 'see’', 'latest’, 'version', 'microsoft’, ‘'dynamics', 's1', ‘dynamics’, 'gp', 'prweb’, 'february’', 're
ad', 'full’, 'story’]

Figure 7.19: Stop words removed from the headline

[ "attendee’, 'expect', 'see', 'latest', ‘version', 'microsoft’, ‘dynamics', 'sl', ‘'dynamics', 'gp', 'prweb’, ‘february’, 'rea
d', "full', 'story']

Figure 7.20: Output after performing lemmatization

[ "attendes’, 'expect', "latest’', ‘versicon', 'microsoft’, 'dynamics’, 'dynamics’', ‘prweb’, 'february', 'story’']

Figure 7.21: Headline number five post-cleaning

HEADLINES:

[['obama', 'wreath', 'arlington', ’'national’, 'cemetery’, 'president’, 'barack', ‘obama', 'wreath', ‘unknown', ‘honor'], ['hayw
ood', '"investment', 'director', 'businessunit’, 'income', ‘'discus', ‘'china’, 'beige’, 'state', 'economy'], ['nouriel’, 'roubin
i', 'professor’', ‘chairman’, ‘roubini’, ‘"global’, ‘economics’, ‘explain’, ‘global’, ‘economy’', 'facing', 'conditions'], ['finla
nd', 'economy', 'expand’, 'marginally’, ‘three', 'month', ‘december', ‘'contracting', 'previous’, 'quarter’', 'preliminary’, 'fig
ure', "statistics', 'finland', ‘monday’], ['tourism’, ‘public’, ‘spending', ‘continue’, ‘boost', 'economy’, ‘january', 'light’,
‘contraction’, ‘private’, ‘consumption’, ‘export’, ‘accord’, ‘thailand’]]

LENGTH:
92948

Figure 7.22: Headline and its length

["obama wreath arlington national cemetery president barack obama wreath unknown honor', 'haywood investment director businessu
nit income discus china beige state economy’, 'nouriel roubini professor chairman roubini global economics explain global econo
my facing conditions', "finland economy expand marginally three month december contracting previous quarter preliminary figure

statistics finland monday’, 'tourism public spending continue boost economy january light contraction private consumption expor
t accord thailand', 'attendee expect latest version microsoft dynamics dynamics prweb february story’, 'ramallah february pales
tine liberation organization sectretarygeneral erekat thursday express concern kenyan president uhuru kenyattas wvisit jerusalem
jordan valley', 'first michelle obama speak state white house washington wednesday interactive student workshop musical legacy

charles student schoeol community organization across country participate quotin performance white housequeot series’, "hancock c
ounty early monday morning family years', 'delhi feb29 technology giant microsoft target rival apple series focusing windows gr
0ss windows machine’]

Figure 7.23: Headlines cleaned for modeling

[ 'running shoes extra', 'class crunch intense workout pulley system', 'thousand natural product', 'natural product ex
plore beauty supplement', 'fitness weekend south beach spark activity', 'kayla harrison sacrifice', 'sonic treatment
alzheimers disease', 'ultrasound brain restore memory alzheimers needle onlyso farin mouse', 'apple researchkit reall
y medical research', 'warning chantix drink taking might remember']

Figure 7.24: Tweets cleaned for modeling



Figure 7.25: Graphical representation of LDA
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Figure 7.26: The variational inference process

q(8,2y,d) = q(01y) 1—[ q(Zp| Pn)




Figure 7.27: Formula for the family of distributions, q
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Figure 7.28: The bag-of-words data structure
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Figure 7.29: Formula of perplexity
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Figure 7.30: Data frame containing number of topics and perplexity score
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Figure 7.31: Line plot view of perplexity as a function of the number of topics

LatentDirichletAllocation({batch_size=128, doc_topic_prior=None,
evaluate every=-1, learning decay=8.7,
learning_method="online", learning offset=10.8,
max_doc_update iter=180, max_iter=18, mean_change tol=08.0881,
n_components=3, n_jobs=None, n_topics=None, perp tol=08.1,
random_state=@, topic _word prior=None,
total samples=1688080.8, verbose=@)

Figure 7.32: LDA model

(92948, 3)

[[©.90423071 ©.04761949
[0.0449056 ©.04292327
[0.0435693 ©.0441942

]

.8481498 ]
.91217113]
.91223649]

]

[@.20977116 ©.03942095
[0.69239268 0.87121637
[@.200862764 ©.41458136

]

.75080789]
.83639094]
.384791 1]

]

Figure 7.33: Topic-document matrix and its dimensions

(3, 1000)

[[3.678124592-01 3.83046413e-01 3.79939561e-01 ... 3.48448881le-01
1.18665576e402 4.620127272+02]
[3.36269915e-01 2.721441072+02 2.61257455e+01 ... 3.35946774e-01
2.85558903e+02 3.9404813%e-01]
[2.74795972e+082 4.27720110e-01 1.89390109e+82 ... 2.31713244e+02
1.792365792482 4.18569467e-01]]

Figure 7.34: Word-topic matrix and its dimensions

Topic® Topicl Topic2
Worde (@.188%, obama) (8.1825, microsoft) (@.08874, economy)
Wordl (8.8874, president) (@.8235, windows) (@.8381, economic)
Word2 (8.8582, barack) (8.8229, company) (8.8161, palestine)
Word3 (8.8157, obamas) (8.8185, microsofts) (8.8152, growth)
Word4 (@.815, washington) (@.8155, announce) (8.8129, global)
WordSs (@8.214, state) (6.814, today) (©.8126, palestinian)
Wordéb (8.9813, house) (8.08185, release) (@.811, government)
Word7 (8.8119, white) (@.8088, business) (8.0193, minister)
Wordd8 (8.8117, administration) (@.8088, update) (@.8181, world)
Word9 (B.8087, wvisit) (@.8875, surface) (6.81, china)

Figure 7.35: Word-topic table
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Topice

9776, March 13 marked the 75th anniversary ...
9776, Preying on the minds of financial mar...
9772, Obama has narrowed his list to 3 nomi...
9768, Member nations of the Organization of...
9767, Malia Obama i=s 17 and probably wants

9765, Democratic presidential front-runner ...
9758, Chinese Premier Li Kegiang pledged th...

9756, UNITED MNATIONS """ France said Friday...
9756, French Foreign Minister Laurent Fabiu...
9755, KANSAS CITY """ Missouri Republican a...
Topicl
9776, That appears to be the thinking behin...

9764, Arundhati Bhattacharya recognises tha...
9757, France's fragile economy has cooled i...
9755, Software maker Microsoft Corp is sell...
9755, WASHINGTOM (AP) — President Barack Ob...
9754, France's Palestine peace plan is part...
59752, Patent trolls drain $1.5 billion a we...
9751, Rancho Mirage, California (CHN) Presi...
975, 2 economy could be sucked into a Japan...
975, Economist with the University of Ghana...

Topic2
9783, President Barack Obama drinks water a...
9781, Ifo economist Klaus Wohlrabe told Reu...
978, Microsoft's latest Windows Phone, the ...
978, Microsoft CEO Satya Nadella discussed
9779, People’s Bank of China Governor Zhou ...
9778, President Obama welcomed the 5Super Bo...
9778, The UK is facing a digital skills cri...
9778, Microsoft said Monday that it is buyi...
9778, Microsoft has been on the acquisition...
9777, Twitter, Microsoft, Facebook and YouT...

Figure 7.36: Topic-document table
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Figure 7.37: A histogram and biplot for the LDA model
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Figure 7.38: t-SNE plot with metrics around the distribution of the topics across the corpus



LatentDirichletAllocation(batch_size=128, doc_topic_prior=None,
evaluate every=-1, learning_decay=8.7,
learning_method="online', learning offset=18.8,
max_doc_update iter=188, max_iter=18, mean_change tol=0.801,
n_components=4, n_jobs=None, n_topics=None, perp_tol=08.1,
random_state=8, topic word prior=None,
total samples=1088888.8, verbose=08)

Figure 7.39: LDA model

Topice Topicl Topic2
Word@ (8.8344, palestine) (8.1332, obama) (8.1862, economy)
Wordl (@.8283, washington) (@8.1155, president) (@.8365, economic)
Word2 (8.8269, palestinian) (@.8664, barack) (8.0185, growth)
Word3 (8.8244, house) (@.82088, obamas) (8.817, world)
Word4 (8.8225, white) (©.8154, administration) (@8.8157, global)
WordSs (@.8214, tuesday) (8.8122, state) (8.8126, minister)
Words (@.9185, people) (@.8187, trump) (@.9122, china)
Word7 (9.9162, american) (8.8162, republican) (8.9114, percent)
Word8 (8.8149, unite) (8.8887, union) (©.8186, government)
Word2 (8.8146, state) (8.8887, visit) (8.8183, market)
Topic3
Word@ (@.1155, microsoft)
Wordl (8.8265, windows)
Word2 (@.8259, company)

Word3 (©.8289, microsofts)
Word4 {(8.8171, announce)

WordSs (8.08158, today)
Words (@.8115, release)
Word7 (@.8899, update)
Word8 {8.8891, business)
Wordg (8.8084, surface)

Figure 7.40: The word-topic table using the four-topic LDA model




Topic0 \
Doc0 (0.9618, President Barack Obama on Friday will...
Docl (0.9494, NEW YORK (Reuters) - Facing a hostile...
Doc2 (0.9459, The Personalization Gallery offers a ...
Doc3 (0.9459, In the budget he plans to release tom...
Doc4 (0.9458, When Microsoft introduced its new on-...
Doc5 (0.9369, President Barack Obama speaks at the ...
Docé (0.9369, In an email interview, Adam Fforde, p...
Doc7 (0.9358, A panel of Fox Business pundits excor...
Doc8 (0.9317, President Obama talked about efforts ...
Doc9 (0.9315, An Israeli soldier takes aim during c...

Topicl \
DocO0 (0.9686, Artists including Missy Elliott, Kell...
Docl (0.968B6, President Barack Obama has chosen a n...
Doc2 (0.9686, WASHINGTON — President Barack Obama h...
Doc3d (0.9671, Plouffe, who managed President Obama'...
Doc4 (0.9671, is dragging the economy throucgh the ...
Doc5 (0.967, President Obama challenged the content...
Doc6é (0.9578, While many people opt for social medi...
Doc7 (0.9558, WASHINGTON """ President Barack Obama...
Doc8 (0.9558, KIEV, March 16. /TASS/. Overwhelming ...
Doc9 (0.9557, Premier Li Kegiang said Wednesday tha...

Topic2 \
Doc0 (0.9733, WASHINGTON """ President Obama on Sat...
Docl (0.9739, TULKARM, November 29, 2015 (WAPFA) """...
Doc2 (0.9729, Chris Christie boasted that he banned...
Doc3 (0.9729, CHANTILLY, Va. """ President Barack O...
Doc4d (0.9728, As Microsoft’s mobile platform contin...
Doc5 (0.9714, Its growth estimate for 2015-16 has j...
Docé (0.9709, The rivalry between Sony and Microsof...
Doc7 (0.9706, Kuwait's economy contracted last year...
Doc8 (0.9706, Kuwait's economy contracted last year...
Doc9 (0.9698, The economic situation in Eurcpe is l...

Topic3
Docl (0.9749, US President Barack Obama has been at...
Docl (0.9729, US President Barack Obama on Wednesda...
Doc2 (0.9721, 2 economy could be sucked intc a Japa...
Doc3d (0.9721, """When I began working on this conce...
Doc4 (0.9721, The Estonian economy was also positiv...
Doc5 (0.9718, Japan’s surprise, albeit modest, meas...
Docé (0.9711, The importance of a first good impres...
Doc7?7 (0.971, The Obama administration on Friday ask...
Doc8 (0.9698, REDMOND, Wash., Dec. 9, 2015 /PRNewsw...
Doc9 (0.9696, The controversial move by Brazil's pr...

Figure 7.41: The document-topic table using the four-topic LDA model
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Figure 7.42: A histogram and biplot describing the four-topic LDA model
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Figure 7.43: A histogram

and biplot for the LDA model trained on health tweets

(C, 572) 0.4507592105469774
{(C, 557) 0.4666029379072775
(C, 643) 0.2348310160024775
(0, 88) 0.2807099986206347
(0, 407) 0.667198713308869

Figure 7.44: Output of the TF-IDF vectorizer
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Figure 7.46: First update rule

(_




I+ 1\ T
C O OX(H'

Figure 7.47: Second update rule

NMF (alpha=0.1,

beta loss='frobenius®, init='nndsvda', 11 ratio=8.5,

max_1iter=280, n_components=4, random_state=8, shuffle=False, solver='mu’,
tol=0.0881, verbose=8)

Figure 7.48: Defining the NMF model

Word0
Wordl
Word2
Word3
Word4
Word5
Wordé
Word?7
Words
Word9

Word0
Wordl
Word2
Word3
Word4
Word5s
Word6
Word?
Words
Word$

TopicQ Topicl Topic2 \
(0.0696, obama) (0.0628, economy) (0.0B69, microscft)
(0.0646, president) (0.0212, economic) (0.0306, windows)
(0.0484, barack) (0.0179, growth) (0.0196, company)
(0.0157, washington) (0.0144, global) (0.0162, announce)
(0.0149, house) (0.0128, china) (0.0124, microsofts)
(0.0144, white) (0.0111, percent) (0.0118, update)
(0.0127, obamas) (0.0109, world) (0.0106, release)
(0.0109, state) (0.0097, quarter) (0.01, today)
(0.0096, administration) (0.0093, market) (0.0096, surface)
(0.0081, first) (0.0086, country) (0.0085, cloud)
Topic3

(0.0881, palestine)
(0.0766, palestinian)
(0.0309, israeli)
(0.0278, israel)
(0.0172, state)
(0.0094, international)
(0.0092, ramallah)
(0.0089, minister)
(0.0079, unite)
(0.0078, force)

Figure 7.49: The word-topic table containing probabilities
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.0815,
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TopicO \
NCRI - The Iranian regime's former Mi...
South Africa's economy shrank sharply...
Horacio Gutierrez, Microsoft's genera...
A Microsoft recruiting event at the U.
The Federal Reserve's recent rate hik...
President Barack Obama received a chi..
President Obama met with gun control ..
"""Leaders gathered in Paris to...
Fears have returned that China's debt...
Russia is not ready to share US Presi...

(CNN)

Topicl \
Both China's central bank and a respe...
TAMPA -- Sen. Marcoc Rubio (R-Fla.) sa..
WASHINGTON - President Barack Obama i..
The U.S. Supreme Court on Friday agre..
WASHINGTON"""President Barack Obama w...
One of the challenges for writing app...
President Barack Obama speaks during ...
(0.0677, The U.S. economy is humming again.
WASHINGTON — President Barack Obama s...
Microsoft to shut down portal site MS..

Topic2 \
Colin Fenton, managing partner at Bla...
study in Canada, I am exposed to...
Ban Ki Mun: Sramota me zbog Izraela i...
But the argument that Microsoft is wi.
6:55 p.m. On the heels of Donald Trum...
Colorado's economy had the fourth str..
Back in September 2014 I wrote an art..
During its developer conference, Micr...
Speaking in Japan after a summit with...
Korea's exports marked the worst slum...

As I

Topic3

SYDNEY, April 18 (Xinhua) -- RAustrali

It's both fascinating and ironic how ..
German government spending on refugee..
President Barack Obama, center, walks..
The gig economy tends to divide opini...
I hope the Committee on the Future Ec...
President Obama has spent the last se...
OTTAWA -- Barack Obama has arrived in.
For Max Wolff, chief economist at Man...
Just over a year ago, Microsoft annou..

Figure 7.50: The document-topic table containing probabilities

(92948, 4)

[[5.12543656e-02
[7.41162473e-04
[2.96652472e-15

[9.58970155e-086
[6.37006094e-07
[4.46386338e-85

3.63195748e-15

3.18455387e-34

2.94135415%e-82
1.94116773e-02

3.41845363e-03
1.31884858e-87
1.15788717e-84

£.83519643e-15
4.78856726e-21

5.15591128e-04
3.39453370e-08
1.84769162e-02

7.82654193e-16]
2.136209232-03]
1.28646716e-18]

3.239089985e-02]
6.14080053e-02]
2.00666640e-03]]

Figure 7.51: Shape and example of data




LENGTH:
92946

COUNTS:

[ 0 28977)
[ 1 32946)
[ 2 22146)
[ 3 8877))

Figure 7.52: t-SNE plot with metrics summarizing the topic distribution across the corpus

Topicl Teopicl
Word0 (0.3726, study) (0.5974, latfit)
Wordl (0.0259, cancer) (0.0477, steps)
Word2 (0.0208, people) (0.0448, today)
Word3 (0.0185, health) (0.0404, exercise)
Word4 (0.0184, obesity) (0.0274, healthtips)
Word5 (0.0182, brain) (0.0257, workout)
Wordé (0.0173, suggest) (0.0204, getting)
Word? (0.0167, weight) (0.0193, £fitness)
Word8 (0.0159, woman) (0.0143, great)
Words (0.0131, death) (0.0132, morning)

Figure 7.53: The word-topic table with probabilities




Lesson 8: Market Basket Analysis

The Economic System: Butcher Shop

The Permanent Set of Items:

Chicken Wings Rbs

Sausage Leg of Lamb
Pork Chop Srip Seak
Ground Bison Meatballs

X

Flet Mignon

Figure 8.1: An example market basket where the economic system is the butcher shop and the
permanent set of items is all the meat products offered by the butcher
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Figure 8.2: A visualization of market basket analysis



» Milk
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Bread
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Figure 8.3: How product associations can help inform efficient and lucrative store layouts

Frequency(X,Y
Support(X =Y) = Support(X,Y) =P(X,Y) = q N}'( )
Figure 8.4: Formula for support
Figure 8.5: Formula for confidence
Support(X,Y) P(X,Y)

Liftx =Y) = Support(X)  Support(Y) P(X) = P(Y)

Figure 8.6: Formula for lift

Leverage(X = Y) = Support(X,Y) — (Support(X) * Support(Y)) =P(X,Y)— (P(X) * P(Y))

Figure 8.7: Formula for leverage

1 — Support(Y)
1 — Confidence(X =Y)

Conviction(X =Y) =




Figure 8.10: Each available product is going to map back to multiple invoice numbers

Figure 8.8: Formula for conviction

N =18
Freg(x) = 7
Freg(y) = 5
Freg(x, v)

Figure 8.9: Screenshot of the frequencies

Invoice
Invoice
Invoice
Invoice

Invoice

Apples
Beer

Watermelon
Milk

Salsa
Asparagus
Cookies
Avocado
Salami
Crackers
Candy
Cheese

Lettuce
Onion

Turkey
Bread
Juice

InvoiceNo StockCode Description Q iceDate UnitPrice CustomeriD Country
0 536365 851234  WHITE HANGING HEART T-LIGHT HOLDER 6 2010-12-01 08:26:00 255 17850.0 United Kingdom
1 536365 71053 WHITE METAL LANTERN 6 2010-12-01 08:26:00 339 17850.0 United Kingdom
2 536365 844068 CREAM CUPID HEARTS COAT HANGER 8 2010-12-01 08:26:00 275 17850.0 United Kingdom
3 536365 84028G KNITTED UNION FLAG HOT WATER BOTTLE 6 2010-12-01 08:26:00 3.39 17850.0 United Kingdom
4 536365 84029E RED WOOLLY HOTTIE WHITE HEART. 6 2010-12-01 08:26:00 3.39 17850.0 United Kingdom
5 536365 22752 SET 7 BABUSHKA NESTING BOXES 2 2010-12-01 08:26:00 7.65 17850.0 United Kingdom
6 536365 21730 GLASS STAR FROSTED T-LIGHT HOLDER 6 2010-12-01 08:26:00 4.25 17850.0 United Kingdom
£ 536366 22633 HAND WARMER UNION JACK 6 2010-12-01 08:28:00 1.85 17850.0 United Kingdom
8 536366 22632 HAND WARMER RED POLKA DOT 6 2010-12-01 08:28:00 1.85 17850.0 United Kingdom
9 536367 84879 ASSORTED CCLOUR BIRD ORNAMENT 32 2010-12-01 08:34:00 1.69 13047.0 United Kingdom

Figure 8.11: The raw online retail data




InvoiceNo object
StockCode object
Description object
Quantity int64
InvoiceDate datetime64[ns)
UnitPrice £loat64
CustomerID £loatb64
Country object
dtype: object

Figure 8.12: Data type for each column in the dataset

InvoiceNo Description
] 536365 WHITE HANGING HEART T-LIGHT HOLDER
1 536365 WHITE METAL LANTERN
2 536365 CREAM CUPID HEARTS COAT HANGER
3 536365 KNITTED UNION FLAG HOT WATER BOTTLE
4 536365 RED WOOLLY HOTTIE WHITE HEART.
5 536365 SET 7 BABUSHKA NESTING BOXES
6 536365 GLASS STAR FROSTED T-LIGHT HOLDER
7 536366 HAND WARMER UNION JACK
8 536366 HAND WARMER RED POLKA DOT
9 536367 ASSORTED COLOUR BIRD ORNAMENT

Figure 8.13: The cleaned online retail dataset

Figure 8.14: The cleaned dataset with only 5,000 unique invoice numbers



