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4 types of Data Analytics

 Value

Prescriptive

Predictive

Diagnostic

10

What is the data telling you?
Descriptive: What's happening in my business?
*  Comprehensive, accurate and live data

+  Effective visualisation

Diagnostic: Why is it happening?

*  Ability to drill down to the root-cause
= Ability to isolate all confounding information

Predictive: What's likely to happen?

*  Business strategies have remained fairly consistent over time

*  Historical patterns being used to predict specific outcomes
using algorithms

*  Decisions are automated using algorithms and technology

Prescriptive: What do | need to do?

*  Recommended actions and strategies based on champion /
challenger testing strategy outcomes
*  Applying advanced analytical techniques to make specific

recommendations
i -‘F] . .
Complexity {( Principa
] WWw.principa.co.za

http://www.kdnuggets.com/2017/07/4-types-data-analytics.html



.h.mg Learning App!ied to Big

lubens Zimbres Billions | BIG DATA €
"" - SUb]eCt O? matter Variables
; Hundreds of millions | Segmentation Product Category b S
'I l State Adjust ‘\
; \

Missing Values & Outliers

.

Millions Dimensionality Reduction {P""C'N' Components Analysis

P —

\
1
|
|
I
|
3

l K Nearest Neighbors :
Extraction of Groups Support Vector Machines :
1 l Factor Analysis :
'
|
DESCRIPTIVE ANALYSIS PREDICTIVE ANALYSIS PRESCRIPTIVE ANALYSIS I‘— Generalize |
ANOVA, T Test, etc. J J "
'
ompare
: Hundreds of thousands | Define Training Set | Define Fitness Function f(x) | :
] A 1
i 1 o “squared Error |
2 orrelations Accuracy !
1 ID Relations and Causes {Mumple Regression Likelihood :
I
MACHINE ‘ < Probability 1
LEARNlNG Pattern Recognition Real-Time Data SIMULATION Cost/ pdlily :
s Markov Chain Monte Carlo  Neural networks Symbolic Artificial Intelligence | Maréin i
H Random Forests CNN Agent-Based Models St ]
\ Recommender Systems RNN Cellular Automata 4
%\, Decision Trees LST™ Discrete Event Simulation > 4
~,Lomstic Regression Gradient Descent -

http://www.kdnuggets.com/2017/07/machine- Iearnlng big- data -explained.html
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EDA(Exploratory Data Analysis) B % 33
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B & TR 31 (AL E)

Exploratory data analysis (EDA) Is an approach to
analyzing data sets to summarize their main
characteristics ... EDA is for seeing what the data
can tell us beyond the formal modeling. ---Wikipedia
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Logic will “To raise new questions,
getyou new possibilities, and to
- "°m.A t°. - regard old problems from a
' w“ﬁg'&a‘";’o’:’ new angle, requires
~ everywhere. creative imagination and
S marks real advances in
science.”

--- Albert Einstein
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Imagination and domain knowledge In statistics are
both necessary to maximize the likelihood of Insight
discovery. That 1s why EDA 1s challenging, but it’s
also what makes it fun. --- Michael Wu
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https://upload.wikimedia.org/wikipedia/commons/c/c4/Scatter_plot.jpg

WIKIPEDIA

Data visualization

Data visualization is the graphic representation of data. It involves producing images that communicate
relationships among the represented data to viewers of the images. This communication is achieved through
the use of a systematic mapping between graphic marks and data values in the creation of the visualization.
This mapping establishes how data values will be represented visually, determining how and to what extent a
property of a graphic mark, such as size or color, will change to reflect changes in the value of a datum.

To communicate information clearly and efficiently, data visualization uses statistical graphics, plots,
information graphics and other tools. Numerical data may be encoded using dots, lines, or bars, to visually
communicate a quantitative message. ) Effective visualization helps users analyze and reason about data and
evidence. It makes complex data more accessible, understandable and usable. Users may have particular
analytical tasks, such as making comparisons or understanding causality, and the design principle of the
graphic (i.e., showing comparisons or showing causality) follows the task. Tables are generally used where
users will look up a specific measurement, while charts of various types are used to show patterns or
relationships in the data for one or more variables.
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Data entry errors ( #j » )

Measurement errors (;B] & )
Distillation errors ( #& & it )
Data integration errors ( & 5 )
FER: éﬁbﬁixjﬂ 2 64~ 58 ~EDAZY R/ 3 TR &

&k : Quantitative Data Cleaning for Large Databases (Hellerstein, 2008)
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Types of Data( 7 L %g 2] )

Numerical data |

/\

Qualitative | Data Types Quantitative |
: : Levels of
Nominal Ordinal | Measurement Interval Ratio |

il Lfl

Discrete | Discrete or continuous
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KB 94 F K245 X4 HEH b

R wN WER WEZ K YE Y BR OmE
Min. 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.00
12 27.00 8.00 11.00 4.00 &.00 6.0022.00 13.0 18.00
[st Qu. 34.00 16.00 22.00 12.00 15.00 12.00 32.00 28.0 30.00
Median 44.00 34.00 34.00 29.00 34.00 23.00 45.00 39.0 39.00
Mean  43.56 36.68 36.36 34.36 38.88 28.75 46.16 38.7 39.31
drd Qu. 53.00 56.00 49.00 56.00 60.00 41.00 60.00 50.0 49.00
881 00.00 69.00 59.00 61.00 76.00 57.00 71.00 356.0 55.00
Max. 93,00 98.00 100.00 100.00 100.00 100.00 99.00 89.0 90.00
st.d, 13.88 23.88 18.72 25.97 27.00 21.50 19.39 16.20 14.46
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Example: Singer Heights Story

Each singer in the NY Choral Society in 1979
self-reported his or her height to the nearest
Inch. Their voice parts in order from highest
pitch to lowest pitch are Soprano, Alto, Tenor,
Bass. The first two are typically sung by female
voices and the last two by male voices.

—>What is the best way(s) to describe the heights
of these singers?

Note: You may use find the data from web site
http://lib.stat.cmu.edu/DASL/




Some Descriptive Statistics

Variable
Soprano
Alto
Tenor
Bass

Variable
Soprano
Alto
Tenor
Bass

N N* Mean
36 0 64.250
35 0 64.886
20 0 69.150
39 0 70.718
Min1imum 0l

60.000 62.250
60.000 63.000
64.000 66.250
66.000 69.000

SE Mean
0.312
0.472
0.719
0.378

Median

StDev
1.873
2.7795
3.216
2.361

Q3

65.000 65.000
65.000 67.000
68.500 71.750
71.000 72.000

Max 1mum
68 .000

72.000
76.000
75.000



Compare the Differences!

Data

Boxplot of Alto, Bass, Soprano, Tenor
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time eye colour

positive correlation negative correlation zero correlation
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1974~2018 # & 5+ = v (Boxplot)
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