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1. DATA SCIENCE AND M ACHINE
LEARNING

Data Science produces Insights

Machine Learning produces Predictions

Artificial Intelligence produces Actions

Figurel.1 - Data Science, Machine LearniagdAl
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Prepare data

Explore data

* Data cleaning
+ Data transformation
+ Data Merging

* Univariate analysis
« Bivariate analysis
« Correlations analysis
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Modeling

* Feature Engineering
+ Modeling
« Evaluation
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Present results

+ Data Presentation
« Automate activities

Figure1.3 - The process of a data science project
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Figurel1.4 - The steps of the CRISPM model
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Figure 1.5 - A Business Intelligence system



BIG DATA
WEB Social data
PS5 data
Aundi ideo
Marketing udio/Vi
E CRM EFID sensors
research User data
n e tati Web Logs
gmentation
Dvnamic
Customer T
ERP details and E{I;Tg
Purchases history
Sales Campaigns
VARIETY AND COMPLEXITY
Figure1.6+ The evolution oBig Data
Rules ———» .
Classic
P . = Answers
Data ——— Togt g
Data —————— )
Machine Rules
Answers —————s Learning

Figurel.7 4 Classic programmings Machine Learning




Figure1.84 Artificial Intelligence Machine Learning e Deep Learning

Bad Performance

Data Processing . [ Learning ] ’ [ Validation . Prediction
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Figure1.9%¢ A MachineLearningproject



Figure1.10¢ Classifierswith underfitting and with overfitting

Figure1.11 - Regressawith underfitting, overfitting and balanced



2. RFOR DATA SCIENCE
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Figure2.1 - R Studio

> install.packages ("tidyverse")

Installing package into ‘C:/Users/michele.dinuzzo/OneDrive - Pianoforte Holding$
(as ‘lib’ is unspecified)

—--- Please select a CRAN mirror for use in this session ---

also installing the dependencies ‘rprojroot’, ‘pkgbuild’, ‘diffobj’, ‘rematch2’$

There is a binary version available but the source version is later:
binary source needs_compilation
backports 1.2.0 1.2.1 TRUE

Binaries will be installed

provo con 1'URL ‘https://cloud.r-project.org/bin/windows/contrib/4.0/rprojroot_$
Content type ‘application/zip®' length 104989 bytes (102 KB)
downloaded 102 KB

provo con 1'URL 'https://cloud.r-project.org/bin/windows/contrib/4.0/pkgbuild 135
Content type 'application/zip' length 141806 bytes (138 KB)
downloaded 138 KB

provo con 1'URL 'https://cloud.r-project.org/bin/windows/contrib/4.0/diffobj_0.$
Content type 'application/zip®' length 1001340 bytes (977 KB)
downloaded 977 KB

provo con 1'URL 'https://cloud.r-project.org/bin/windows/contrib/4.0/rematch2 23
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Figure2.2 ¥ Installing thetidyversepackage
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Figure2.3 - if-elseflow diagram
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For each item in
the vector

Is the last item?
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Figure2.414 for flow diagram
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End
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Figure2.5¢ Thewhile flow diagam
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Figure2.6 - A chart generated with the plot futian

Figure2.7 - Our new chart
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Figure2.8 - The chart with titles and box
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Figure2.9 - Our final chart

13



14

Petal Length

Petal Length

G- . < -
4- : - ; E L] /
2_ L] L]
D.ID D.IE 1 .ID 1 .|5 2.ID
Petal Width
Figure2.10- Plot iris data with the gplot() function
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Figure2.11 - Data grouped by color
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Figure2.12 - gplotwith one variable
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Figure2.13- Chartof a variable with geom = density
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Figure2.18¢ Classes by color
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Figure2.19¢ Chartdividedby rows
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setosa versicolor virginica
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Figure2.20¢ Chartdividedby columns
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Figure2.21 - Thecolorparameters
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Figure2.23 - Boxplotof Petal.Width
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Figure2.24 - Boxplotof Petal.Widthwith invertedaxes
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Figure2.25¢% Polarcoordinates
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5.1,3.5,1.4,0.2,Iris-setosa
4.9,3.8,1.4,0.2,Iris-setosa
4.7,3.2,1.3,0.2,Iris-setosa
4.6,3.1,1.5,0.2,Iris-setosa
5.0,3.6,1.4,0.2,Iris-setosa
5.4,3.9,1.7,0.4,Iris-setosa

Figure2.26 - A data file with comma separated fields



3. MATHEMATIC SAND ALGEBRA
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Figure3.1 - Matrix representation of the image
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Figure3.2 - Vectorrepresentation
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Figure3.3- SVD
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Figure3.41 A generic function
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4. DESCRIPTIVE STATISTICS

Mean
MMedian

—

3 4 5

Figure4.1+ Mean and median

Index

O —

Family Revenue

Family 1 32.000
Family 2 43.000
Family 3 28.000
Family 4 29.500
Family 5 34.000
Family 6 42.000
Family 7 47.000
Family 8 -

Mean 36.500

Figure4.2+ Mean example




Revenue

Family Revenue

Family 1 32.000
Family 2 43.000
Family 3 28.000
Family 4 29.500
Family 5 34.000
Family 6 42.000
Family 7 47.000
Family 8 1.300.000
Mean 194.438

Figure4.3t+ Mean Example
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r L] W w - L

! ! ! ! ! ! ! !
Family 2 Family 3 Family 4 Family 5 Family 7 Family 8 Familya 6 Family 1

Family

Figure4.4 - Chart and median
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Mean
Std. Dev.
Variance

Sample A Sample B

children children
2 1
2 2
2 3
2 3
2 2
2 1
2 2
2 2
0 0,76
0 0,57

Sample C
children
1

Wk ONDNO

2
1,51
2,29

Mode

Figure4.5 - Three samples with the same mean

Mean = Median = Mode

Mode
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Mean

N

Negative skewness

Leptokurtic curve

Symmetric distribution

Figure4.6 - Skewness

Platvkurtic curve

Figure4.7 ¢+ Kurtosis

Positive skewness

Normal curve
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Figure4.8+ Histogram for our variable
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Figure4.91 elecsaledataset

29



30

GWh

GWh

Annual electricity sales: South Australia
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Figure4.10 - Plot of the5-MA
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Figure4.11¢ Moving average for differemn
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Figure 4.12 - 2x4MA

Figure4.13 - Boxplot
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Figure4.14 - A boxplot
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Figure4.154 Pie chart of a discrete variable
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Figure4.16 - Barplot

Figure4.174 Ozonevariable boxplot
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Temperature by month
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Figure4.18 - Boxplotof Tempby month
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Figure4.19¢ Contingency table

Figure4.20¢ Scatter plotexamples
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Figure4.23 - Q-Q chart ofmpg
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Figure4.24¢ Correlation Chart
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Figure4.25¢ Correlation values
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Figure4.26¢ Data generated by simulation
o
-4-

0.0 25 5.0 7.

in

Figure4.27¢ Regression line
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Figure4.284 Divide by Group
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Figure4.29¢ Regression Line
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Figure4.30¢ Correlations between groups
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5. PROBABILITY

Figure5.1¢ Union and intersection

Figure5.2 ¢ Disjoint events and complementagyents
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Figure5.31 TheGaoals variable
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Figure5.4 ¢ Height variable distribution
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Figure5.5¢ Frequency plot
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Figure5.6 - Probability Density Function
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Figure5.7¢ CDF

X P(X)  F(X)
1 1/6 | 1/6
2 1/6 | 2/6
3 1/6 | 3/6
4 1/6 | 4/6
5 1/6 | 5/6
6 1/6 | 6/6

3 4

Figure5.8+ CDF chart
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6. DISTRIBU TIONS

1000 random samples from a uniform distribution

20 25 3.0 35 40
uniform
Figure6.1+ Samples from a uniform distribution
| | | | | |
0 1 2 3 4 5
X

Figure6.2+ Uniform distribution
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Binomial Distribution (n=10, p=0.5)
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# Successes

Figure 6.3- Binomial Distribution B(10,0.5)

Binomial Distribution (n=10, p=0.25)  Binomial Distribution (n=10, p=0.75)
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0.00

Probability
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|
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2
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T I T
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# Successes # Successes

Figure6.4 1 Binomial DistributionsB(10,0.25)B(10,0.75)
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Figure6.5t Poissordistribution for soméambda
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Figure6.6 - H(20,10,5)
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Figure6.84 Gaussian distribution withr 4 hdb wé whu
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Figure6.12¢ Standard normal curve per negative values of z
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Figure6.13 - Standard normal curve for positive values of z
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Figure6.14¢ Binomial to normal approximation
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Figure6.15¢ Poisson to normal approximation

Chi square distribution with 5 degrees of freedom
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Figure6.16 - Chi square distribution with 5 degrees of freedom
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Figure6.181 F distribution with many degrees of freedom
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Figure7.1 - By increasing the number of samples, the average approaches the expected value.
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Figure 7.3 - Distribution of the 500 extracted elements
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Figure7.4¢ Other 500 items
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Figure7.5¢ Means distribution fom =5
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Figure7.6+ Meansdistribution with n = 10
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Figure7.7+ Means distribution withn = 50
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Figure7.8 - Using the Alternative Hypothesis to Determine Test Tails
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Figure7.12 - Boxplotofweightvariable
SEX
oy 3 oma a Total
TYPE Not Loyal 105 15 120
Loyal 80 300 380
Total 185 315 500

Figure7.13¢ Twodiscretevariables




SEX

oya oma a Total
TYPE Not Loyal 120*185/500 120*315/500 120
Loyal 380*185/500 380*315/500 380
Total 185 315 500
Figure7.144 Creating the expected frequency table
SEX
oya OMma a Total
TYPE Not Loyal 44.4 75,6 120
Loyal 140,6 239,4 380
Total 185 315 500
Figure7.15¢ Expected frequency table
(1-a) o
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Acceptance Critical ~ Rejection
region value region

Figure7.164 Chi Square distribution
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16 | 204651 23.5418 262962 28.8453 319999 342671 392518 413077 459255
17 | 216146 247690 275871 30.1910 33.4087 357184 407911  42.8808  47.5591
18 | 227595 259894 288693  31.5264 348052 37.1564 423119 444337  49.1853
19 | 239004 272036 30.1435 328523 361908 38.5821 438194 459738  50.7873
20 | 250375 284120 314104 341696 37.5663  39.9969 453142 474977  52.3832

Figure7.17 - Table with expected values of chi square distribution



8. SAMPLING

Population Sample

A - o

Representative Sample

S

Sample with bias

Figure8.1+ Good sampling e biased sampling

F(x) CDF

Figure8.2 - Inverse Transform Sampling
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Frequency
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Histogram of U
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Figure8.3 1 Histogram of uniform distribution

Histogram of X

Figure8.4¢ The newdistribution



Density
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Figure8.5¢ Exponential trend of the distribution
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9 - Data Preparation

9. DATA PREPARATION

0
30, 5%

4%
% \
m Building Training Sets

19% 60% m Other

= Cleaning and Organizing Data
Collecting Data

= Modeling & Machine Learning

m Refining Algorithms

Figure9.1+ Time distribution in a project

Customer |Sex Marital Status Work Purchase Amount Loyal
1 Woman Married Employee 10 1.000 YES
2 Man Divorced Freelancer 5 500 YES
3 Man Single Employee 2 200 NO
4 Woman Single Employee 1 100 NO
5 Woman Single Manager 1 100 NO
6 Man Divorced Employee 8 800 YES
7 Woman Divorced Employee 0 0 NO
8 Man Married Employee 13 1.300 YES
9 Man Married Manager 2 200 NO
10 Man Married Freelancer 7 700 YES

Figure9.2 Sample customer dataset
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Data Science and Machine Learning

Customer |Data Product Purchase Amount
1 06/01/2021 Product A 1 100
1 08/02/2021 Product B 1 100
1 15/03/2021 Product A 1 100
1 16/03/2021 Product C 1 100
1 03/05/2021 Product C 1 100
1 04/05/2021 Product B 1 100
1 06/06/2021 Product A 1 100
1 31/07/2021 Product A 1 100
1 24/09/2021 Product C 1 100
1 15/12/2021 Product A 1 100

Figure9.3+ Transaction example

Data Collection Data Preprocessing Data Transformation
(Feature Engineering)
h ™
Set the problem Missing Value Create new features
Identify the variables Qutliers Rounding
Retrieve data Data Compatibility Scaling
Data Cleaning Binning
Unbalanced Classes Encoding
Feature Selection

Figure9.4¢ Data preparation steps

Wind Temp Month Day SolarR Ozone

ik 0
35 1
5 1

2 2

0 0 0 0 7 37 44

Figure9.5¢ Map of missing values
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Sepal Whah

Cluster 1 Outlier

. ©

Cluster 2

Figure9.6 - Clusteringfor identifying outliers

Sapal Width

Sepal Length Sepal Length

Figure9.7 ¢ The datasetdfore and after balancing

9 - Data Preparation
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Data Science and Machine Learning

10. FEATURE ENGINEERING

meg e

Figure10.1¢ Variables before and after scaling

12 15
16 15
18 15
22 26
25 26
30 26
35 41
42 41
45 41
48 51
50 51
55 51

Figure10.2 - Equi-depth binning
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10 - Feature Engineering

Age Bin
12 [12,22]
16 [12,22]
18 [12,22]
22 [12,22]
25 [23,33]
30 [23,33]
35 [34,44]
42 [34,44]
45 [45,55]
48 [45,55]
50 [45,55]
55 [45,55]

Figure10.3 - Equirwidth binning

26 41 51

Figure10.4 - Equi-depth binning
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Data Science and Machine Learning

0 I I I I

[12,22] [23,33] [34,44] [45,55]

w

%]

[

Figure10.5 - Equirwidth binning

10-

I U-Izo) [20-‘30) [30-‘40}
bins1

Figure10.6 - Plot of the bins
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Mazda RN4

Mazda RX4 Wag
Datsun 710
Hornet 4 Drive
Hornet Sportabout
Valiant

Duster 360

Merc 240D

Merc 230

Merc 280

Merc 280C

mpg

210
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228
214
187
18.1

143

oyl

=]

LT )

disp
160.0
160.0
103.0
258.0
360.0
2250
360.0
146.7
140.8
167.6

1676

Figure10.7 - The dataset with the bins column

hp

110
110
o3
110
175
105
245
62
95

3.69

3.92

3.82

3.92

3440
3460
3.570
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3440
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gsec
16.46
17.02

18.61
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[S]

10- Feature Engineering

gear

B

w

b=

carb

bins
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[10-20)
[10-20)
[10-20)
[20-30)
[20-30)
[10-20)
[10-20)
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Data Science and Machine Learning

11. M ACHINE LEARNING

Classification
Supervised :
g Regression
Machine Learning :
Clustering
Unsupervised )
Dimensionality
Reduction
Figure11.1¢ SomeML algorithms
Number Color Shape Size Result
— 1 Red Round Small Eatable
2 Green Round Medium Eatable
3 Yellow Long Medium Eatable
—— Example Feature Class

Figure11.2 - Items needed for the training step
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11- Machine Learning

e
O —aVj(©)
Figure11.34 Gradient Descent
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Figure11.4 - Convex function and nogonvex function



Data Science and Machine Learning

Figure11.54% Non-convex function

76

Figure11.6¢ Learning rate effect



Hyvperparameters

11- Machine Learning

Track progress Train

Validate

Figure11.7 + Hyperparameter tuning

Low Variance High Variance

.
. ‘0
. ..‘ L]

UNDERFITTING

Low Bias

High Bias

Figure11.8¢ Bias and variance effect

OVERFITTING
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Data Science and Machine Learning

Underfitting Optimal Ovwerfitting

Errors

Training Set

Figure11.9+¢ Learning curve

Figure11.10- Occam's Razor: solution B preferred because it is the simplest
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Error

11- Machine Learning

Underfitting Overfitting

Error

Y

" Variance

i
_“=:_-_- ‘‘‘‘‘ Bias
1 >
Optimal Complexity
Complexity

Figure11.11 - BiasVariance Trade€ff
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Data Science and Machine Learning

12. VALIDATION

-~
Figure12.1+4 Error in regression

]

] L)
i 4 e

™
]
® o °
b °
s
R-squared=1 R-Squared = 0,75 R-Squared =0

Figure12.2 - R-squared
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12 - Validation

Predictions

Actual

Figure12.3+ Confusion Matrix

Decile TPR Base TPR Our
(% of elements)  Model Model

0 0 0 0,00
10 10 60 6,00
20 20 75 3,75
30 30 82 2,73
40 40 88 2,20
50 50 92 1,84
60 60 95 1,58
70 70 98 1,40
80 80 100 1,25
90 90 100 1,11
100 100 100 1,00

Figure124+4 Table for thé&ain Chart
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Data Science and Machine Learning

82

100
90
80
70
60
50
40
30
20
10

7,00
6,00
5,00
4,00
3,00
2,00
1,00

0,00

10

s TPR Base Model

20

30

Gain Chart

40 50 60 70

TPR Our Model

Figure125 - Gain Chart

Lift Chart

80

90

40 50 60 70

— | [t

Figure12.6 - Lift Chart
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90



FPR

Figure12.7+ ROC chart

()

Figure12.8¢ Euclidean Distance

@
(®)

Figure129% Manhattandistance

12 - Validation
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Data Science and Machine Learning

@

Figure12.104% Lagrangdlistance

L

Figure1211¢ Cosine distance

Figure12.124 Jaccardlistarnce

A |1

B |1

|..-.l|tD|
e
[===0

Figure12.13+ Hammingdistance
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Age

Age

302 304 306 308 310
| | | |

300
|

05

0.0

-0.5

-1.0

12 - Validation

Figure12.15¢ Chart of the scaled variables

Marco Antonig
Paolo
I I I I
165 170 175 180
Height
Figure12.144 Chart of thex matrix
Marco Anton
Paoig
| | T |
-1.0 -05 00 05
Height
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Data Science and Machine Learning

Training Set

Training Set

Test Set

Figure12.16 - Resubstitution Validation

Figure12.17 - Hold-out Validation

Test Set

Training Set

Iteration 1

Test Set

Iterationl 2

]teratio-l 3

Iteration 4

Figure12.18 - K-fold Cross Validation

Test Set

Tteration 1

Iteration 2

Iteration 3

Iteration n
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Training Set

Figure12.19- Leave One Out Cross Validation



Tteration 1

Tteration 2

Tteration m

Figure12.20- Random Subsampling Validation

12 - Validation
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13. REGRESSION ALGORITHMS

15

13

11

Figure13.1+¢ Linear regression example

2 3 4 5 6 7 8 9 10 11 12

Figure13.2 - Chart of a newborn's weight per month
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Figure13.3 - Example of no#inear relationship
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Residuals
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Figure13914 Residuals plot
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40-

30-

medv predicted value

10-

L
10 20 a0 40 50
medv actual value
Figure13.10- Comparison between the predicted and the actual variable
“ AtBat Hits. HmRun Runs RBI ‘Walks Years CAtBat CHits. CHmRun CRuns CRBI CWalks League Division PutOuts Assists Errors. Salary

-Andy Allanson 283 &6 1 30 b} 14 1 263 &6 1 30 2 14 A E 446 33 20
-Andres Thomas 323 & € 26 32 8 2 4 &€ € 32 34 &N w 143 29 19 75.000
-Andre Thornton 401 %2 17 49 66 [ 13 5206 1332 253 Te4 890 66 A E 0 0 0 1100.000
-Alan Trammell 574 159 21 107 = 59 10 4831 1300 % 702 504 458 A E 238 445 2 517.143
-Alex Trevino 202 53 4 El 26 27 9 1876 467 15 192 186 161 N w 304 43 n 512300
-Andy VanSlyke 418 13 13 48 61 47 4 1512 392 41 205 204 203 N E 2n n 7 550.000
-Alan Wiggins 238 &0 o 30 1 22 3 1941 510 4 309 103 207 A E 121 151 6 700.000
ill Almon 19 43 7 29 27 30 13 323 825 36 376 290 238 N E 80 45 8 240.000

-Billy Beane 183 39 3 20 15 1" 3 20 2 3 20 1% 1M1 A w 118 0 0
-Buddy Bell 568 158 20 89 s 3 15 8068 2273 177 1045 993 32 N w 105 290 10 775.000

Figure13.11¢ Hitters dataset

MNewleague
A
N
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z® z » z z = ® oz e BB

93



94

Mean-Squared Error

Mean-Squared Error
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Figure13.12- MSE by lambda
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Figure13.13¢ MSE by lanrbda forLASSO




14. CLASSIFICATION ALGORITHMS
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Figure14.1¢ Sigmoid function
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Figure14.4 - A node of a claggation tree
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Figure14.61 Hepatitis dataset
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Figure14.7 ¢ The hepatitis dataset tree
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Figure14.9 - Features orrplot
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Figure14.10- Support Vectors
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Figure14.11+ Maximizing distance betwednyperplane and suppovectors
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Figure14.12¢ Nonlinearly separable classes
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Figure14.14¢ Separation with a higher dimension model
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SVM classification plot
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Figure14.15- Chart of the first SVM model

SVM classification plot
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Figure14.16¢ Second SVM model chart
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Figure14.17¢ SVM performance

SVM classification plot
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Figure14.18¢ Best SVM model
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15. CLUSTERING ALGORITHMS
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Figure 15.1- Clustering example
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Figure15.2 ¢ Clustering Algorithms
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Cluster A
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Figure15.3 - Clusters and their centroids



Optimal number

WSs5
] ~——y
—-....—l_\‘
Clusters
Figure15.4t The Elbowmethod
Optimal number

AvgSil H
I
o ]
I
E I
]
]
I
- ]
1

Clusters

Figure155¢ Silouhette method
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Figure15.12 - Clusteringwith k = 4
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Cluster plot
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Figure15.14+¢ Initial configurationand first selection

Figure15.15¢ First iteration
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Figure15.16 - Thecluster Cis the closst to the cluste(A,B)

1]

A B C D E F

Figure1517¢ Next iteration
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Figure15.18¢ TheF cluster is the closest to the clus(ex,E)

Figure15.194 Next iteration
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Figure15.204 The final cluster

1 ]
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Figure15.21¢ Hierarchical Clustering
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Cluster Dendrogram
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Figure15.26 - k-meansclustering results
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16. DIMENSIONALITY REDUCTION

Figure16.1 - PCA vs LDA
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Figure16.2 - Chart of variance explained by component
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17. SEMI -SUPERVISED ALGORITHMS

Feature 1 Feature 2
6 27
10 43
24 17
35 41
45 27
456 5
46
42 33
45 26
17 14
45 39
22 33
50 7
32 8
18 20
7 40
43 1
1 10
14 13
E Train
(labeled data)

Feature 3 Feature 4 Class

47 9 YES =
26 13 YES
42 43 YES
21 1 YES —
19 25 —
22 36 -
23 38 -

! 41 -

49 =] -
35 47

15 43 -

6 28
43 14 -

2 37 -

16 40

1 47 -
47 16
50 9 -

2 37 - —

e Supervised

s | In1st1pervised

Figure17.1¢ Example of 8miSupervieed problem

Generate
Model

Remove S' from 5
and add it to E

S S
Apply Model
- (LPPY V.00€ (predictions with
(unlabeled data) highest score)
y
Train F+S’
(repeat until there are elements in S) (labeled data)
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Test Data
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Supervised classifier data
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Figure17.104 Dataset with missing labels
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Figure17.124 Final labeling
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18. LAzZY LEARNING

Figure181¢ KNN example

Figure182¢ Choosingkin KNN
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19. ENSEMBLE M ETHODS
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Figure19.1 - Bagging
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20. ASSOCIATION RULES
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Figure20.4t Support and confidence chart
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Scatter plot for 85 rules
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21. TIME SERIES
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Figure21.14 Time series example
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Figure21.2 - Time series decomposition
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Passengers by Month

Date
Figure215 - Boxplotby month

Decomposition of multiplicative time series

I I I I I I
0og 005 O0OF 002 Q02 OO0k

MUEWWBOEHE_MLQOEQMMW& T T T T T T T T T T 17T T T T T T T T T T

oos 002 DOOSE OSE 0ST OS5Ik ol gl ool aga

paAlasqo puaJ |[EUOSES®S Wwopuel

1953 1950

1956

1954
Time

Figure21.64 The components of the time series

1852

50

19

142



Standardized Residuals
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Forecasts from ARIMA(2,1,1)(0,1,0)[12]
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22 - Neural Network

22. NEURAL NETWORK

Figure22.14 Neural Network representation

Figure22.2 -Neuron structure
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Data Science and Machine Learning

Figure22.3¢ Threshold function

Figure22.4 1 Linear function

Figure2254¢ ReLuFunction
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Figure22.6 ¢ Logisticfunction

Figure22.7 ¢ Hyperbolic tangent function
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Figure22.8 - Perceptron

22 - Neural Network
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Data Science and Machine Learning
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Figure22.91 Perceptron algorithm
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22 - Neural Network
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Data Science and Machine Learning

Species by sepal and petal length
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22 - Neural Network
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Figure22.15¢ SLP Neural Network
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Figure22.16¢ Linear separable classes
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Science and Machine Learning
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22 - Neural Network

Figure22.19- MLP
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Figure22.21¢ The network of our example
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22 - Neural Network
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Figure22.231 Neural network for the boston datase3t
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Data Science and Machine Learning

Predicted value of medv
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22 - Neural Network
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Figure22.26¢ RBFNetwork
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23. DEEPLEARNING

Deep Learning
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23- Deep Learning
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Figure23.3+ Some examples from tNENIST dataset
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23- Deep Learning
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Data Science and Machine Learning

Figure23.9 - The dataset classes, with some example images

Figure23.10- Some dataset images
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