Basic Statistics

for Data science
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Data science
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Data science
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nssmaumamaueas Crisp-dm (Cross-lnd usiry
Standard-Process Data-Mining)

® jusswidilagsia (Business/research
understanding)

® jusswdrladoys (data understanding pha

» ”u@\aumsm%amm”au”a (data preparation ph
supsumawannles (Modeling phase)

® juasumsiszdivlaes (evaluation phase)
® Sugaumstilaiaabuld (Deployment phase)



nmadeuduaaedas (Machine Learning)
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Substantive
Expertise

http://alldatascience.com/what-is-data-science

Data science skills

B Hacking Skill (§Naligany Computer
Programming, Data Base, Big data

Technologies)
B Statistics & Math

B Sbstantive Expertise (458 Domain
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Statistics
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® snawsaw (Descriptive Statistics)

® 556ansds (Inferential Statistics)




Descriptive Statistics
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Descriptive Statistics

There are 266,042 young people

x 4+ 1o covers |

| 6827%items | iERION PPy that work in the retail, grocery,
S 95.45% items
: restaurant and fast food sectors

x + 30 covers
99.73% items

R o ] RENARAR (RARRRAN SURNERRR R Percent that work within 4 industries ® Over a quarter

1
= =20 g < +10 +20 +30 Restaurant B%E - [28.9%)] of young
Negatiely Skenwed Disribution Fast Food 8.0% workers work in

Mode =\2 | t>m>2 femez Retail 48.6% retail stores and
|z (x—X) Grocery 9.8% restaurants.
Std.Dev.o = ———
https://www.labor.ucla.edu/
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Inferential Statistics
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Descriptive statistics

https://dafatab.net/tutorial/descripfive-inferenfial-statistics




Population & Sample
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Type of DATA
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Type of DATA
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Discrete and Continuous Data

Discrete data can only take
on certain individual values.

Continuous data can take on
any value in a certain range.

Example 1

Number of pages in a book
is a discrete variable.
Example 3

Shoe size is a Discrete
variable. Eg. 5,53,6,6
etc. Not in between.

i

-

Example 5

Number of people ina
race is a discrete
variable.

https://medium.com/@dharmanathpatil/types-of-random-variables-1f7e17a4e3c7

Example 2

Length of a filmis a
continuous variable.

Example 4

=2 Temperature is a

continuous variable.

Example 6

Time taken to run a race
IS a continuous variable

=



@) Quantitative

Data that can be measured with
numbers, such as duration or speed

[ 1

Whole numbers that can't
be broken down, such as
a number of items

weight
A

{# Continuous

Numbers that can be broken
down, such as height or

Types of Data

< Qualitative

Non-numerical data that is categorical,
such as yes/no responses or eye colour

= Ordinal

Data used to describe the order

Data used for naming
variables, such as hair colour of values, such as 1 = happy, 2
= neutral, 3 = unhappy

'
[ Interval J

Numbers with known differences
between variables, such as time

i
X Ratio

Numbers that have measurable intervals
where difference can be determined, such

as height or weight




ssdavugnildlu data science

» i Max Min

® qdaumliangdunans Measures of Central Tendency
® qiamsnszanezastays Measure of Dispersion

® aiednd Outliers

® sanssiazitlu Probability




Descriptive Statistics

® s MaX Aa ehdagyafisiengsfige
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Measures of Central Tendency

= Measures of Central Tendency anawitldlunmsesinadays losedesldds aade
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Measures of Central Tendency

(6129819)
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Measures of Central Tendency
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Measure of Dispersion
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Ouvutliers

® cqiaund (Outliers) fa dagaisienuandierisannndr uasttaandnandayalugedeaiuann
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Ouvutliers

® ciiaund (Outliers) lumsasadudayaifedndusedayaiiiy outliers Tuismaeada wiis
adda ° 1 I 6 & add
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WASPHIAIN
v dld 1 1
ayanaAINNAN Q3 + (1.5 X IQR) Interquartile Range
(IQR)
» 2 P : Outliers ! , Outliers
ayanamwaand @, — (1.5 X IQR) l I l
O C{ |OO
"Minimum" . "Maximum"
(Q1 - 1.5*%IQR) Q1 Median 3 (Q3 + 1.5%IQR)
(25th Percentile} (75th Percentile)
-4 -3 -2 -1 0 1 2 3 4

https://medium.com/@agarwal.vishal819/outlier-detection-with-boxplots-106757fafa21
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Probability
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Probability
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Linear Regression
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B nworsNa1AY2aY Linear Regression
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Linear Regression

- miﬁmsmlﬁaniﬂm@a Linear Regression
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Linear Regression
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Linear Regression

v 1 (Y 6 [
B 579819 UNARINISNYINTHLDAUIYFUA

A lan

o (-7 o 1 &
PIUIBA LN AN AAYUILRWA

51A1RWA




Logistic Regression in Machine Learning

s . a A . ] A o A
B 1.0gistic Regression ﬂaIaJL@amasla@am1ﬂann1s Linear Equation t#a31nddN19td U659
Linear Regression L{ssnsaunladaymunsashele

B 1.0gistic Regression is one of the most popular Machine Learning algorithms, which comes
der the Supervised Learning technique. It is used for predicting the categorical

dependent variable using a given set of independent variables.

Logistic Regression Model

o B
0,
——————

00—
_—_—r

Inputs: X1,X2,X3 || Weights: ©1,02,03 || Outputs: Happy or Sad

Happy

@dataaspirant.com



Logistic Regression in Machine Learning

B 1,0gistic Regression predicts the output of a categorical
dependent variable. Therefore the outcome must be a

categorical or discrete value. It can be either Yes or No,

Qor1l, e or False, etc.

(] (% a 0 [ o
B 1ogistic Regression (UuaanasnususumMsLLwnLsznn

lassification Algorithm) AlFausumsweaNNkIazsii
v 66 1 . A8 a 1 1 =]
YDINAAWDLLWAT discrete mazumag‘lwma 0991

B 1.0gistic Regression is a significant machine learning
algorithm because it has the ability to provide probability
and classify new data using continuous and discrete

datasets.




Logistic Regression in Machine Learning
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