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Data preprocessing




Explore the
data

Analyze in
depth

Clean the data
Store the data
A lot is expected from a data
scientist

Find the data 9 @

Visualize the

results
Understand the
question Tell the story
Let’s get started. <$NCOI



Data
cleaning

Clean the
data




Data pre-
processing

Pre-process
the data







Data in the real world
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Incomplete Noisy Inconsistent




What to do

when
Pre-processing
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Merging & appending datasets

_etame J amount | score Jome J s
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Merging & appending datasets




What to

hen
Amount Score Date d Opré = e

——— - processing
CMchebe || 62k | 100 [ [Bunezols  Femse
omes | osem | [ a2 wee
S Memhas | SM 94 Mardsls Ml |
oMb | IS0 N0 0ROV Male |

Rename variables
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What to

do when

FirstName Amount Score Date p re =

L - L - orocessing
| Michele 62k 100 3hnels  femsle |
©Mes oM o082 Mae
| Mamhas  SMO 94 M0k Male
o Robn IS0 100 OKP0 Male
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What to

do when

FirstName Amount Score Date p re =

--_-- orocessing
©Mes oM o082 Mae
| Mamhas  SMO 94 M0k Male
o Robn IS0 100 OKP0 Male

Data type conversion
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FirstName

David

Jens

Johan

Michelle

Niels

Matthias

Robin

Encoding values

Amount Score Date Sex
5k 8,2 19/03/04
1M 93 04/13/2012
1500 8,5 April 4t 2012 -
6,2 k 10,0 3 June 2015 -
0.36 M 19/08/12 -
5M 9,4 Mar-04-14
158620 100 04-17-2017 -
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FirstName

David

Jens

Johan

Michelle

Niels

Matthias

Robin

Amount

5M

158620

Score

8,2

93

8,5

10,0

9,4

100

Date
19/03/04
04/13/2012
April 4th 2012
3 June 2015
19/08/12
Mar-04-14

04-17-2017

Sex
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" What to

Converting units

do when
FirstName Amount Score Date Sex p re =
David € 5.000 8,2 19/03/04 M :
processing
Jens € 1.000.000 9,3 04/13/2012 M Merging & appending datasets

Renaming variables

Johan € 1.500 8,5 April 4t 2012 M

Data type conversions

Michelle €6.200 10,0 3 June 2015 F

Encoding values

Niels € 360.000 19/08/12 M

Converting units

Matthias € 5.000.000 9,4 Mar-04-14 M

Robin €158.620 100 04-17-2017 M




FirstName

David

Jens

Johan

Michelle

Niels

Matthias

Robin

Amount

€ 5.000

€ 1.000.000

€ 1.500

€6.200

€ 360.000

€ 5.000.000

€158.620

Converting units

Score

8,2

9.3

8,5

10,0

9,4

100

Date

19/03/04
04/13/2012
April 4th 2012
3 June 2015
19/08/12
Mar-04-14

04-17-2017

Sex

" What to

do when
ore-

processing

Merging & appending datasets
Renaming variables

Data type conversions
Encoding values

Converting units




FirstName

David

Jens

Johan

Michelle

Niels

Matthias

Robin

Amount

€ 5.000

€ 1.000.000

€ 1.500

€6.200

€ 360.000

€ 5.000.000

€158.620

Converting units

Score

8,2

9.3

8,5

10,0

9,4

100

Date

19/03/04
13/04/12
04/04/12
03/06/15
19/08/12
04/03/14

17/04/17

Sex
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FirstName

David

Jens

Johan

Michelle

Niels

Matthias

Robin

Amount

€ 5.000

€ 1.000.000

€ 1.500

€6.200

€ 360.000

€ 5.000.000

€158.620

Score
8,2
9,3
8,5
10,0

9,4

100

Date
19/03/04
13/04/12
04/04/12
03/06/15
19/08/12
04/03/14

17/04/17

Sex
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FirstName

David

Jens

Johan

Michelle

Niels

Matthias

Robin

Handling missing data

Amount

€ 5.000

€ 1.000.000

€ 1.500

€6.200

€ 360.000

€ 5.000.000

€158.620

Score
8,2
9,3
8,5

10,0
scores?

9,4

100

Date
19/03/04
13/04/12
04/04/12
03/06/15
19/08/12
04/03/14

17/04/17

Sex
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FirstName

David

Jens

Johan

Michelle

Niels

Matthias

Robin

Amount

€ 5.000

€ 1.000.000

€ 1.500

€6.200

€ 360.000

€ 5.000.000

€158.620

Score

8,2

9.3

8,5

10,0

Average of
scores

9,4

100

Date
19/03/04
13/04/12
04/04/12
03/06/15
19/08/12
04/03/14

17/04/17

Sex
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FirstName

David

Jens

Johan

Michelle

Niels

Matthias

Robin

Handling anomalous data

Amount

€ 5.000

€ 1.000.000

€ 1.500

€6.200

€ 360.000

€ 5.000.000

€158.620

Score

8,2

9.3

8,5

10,0

Average of
scores

9,4

10,0

Date
19/03/04
13/04/12
04/04/12
03/06/15
19/08/12
04/03/14

17/04/17

Sex
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Merging & appending datasets
Renaming variables

Data type conversions
Encoding values

Converting units

Handling missing data

Handling anomalous data
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Data in the real world
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Incomplete Noisy Inconsistent




5 tasks in data pre-processing

o

cleaning iIntegration transformation

-

reduction discretization
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5 tasks in

data pre-
processing % A ,,;;

-

Fill in missing values

Ignore the row, use the mean, predict the missing value using a learning algorithm

C |eo nin 9 Identify outliers and smooth out noisy data

Sort the attributes and partition them into bins then smooth by bin means, median or
bin boundaries, group values in cluster then detect and remove outliers automatically or
@ manually, smooth by fitting the data into regression functions

Correct inconsistent data

Use domain knowledge or expert decision to do this
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5 tasks in

data pre- @‘ r R '~

Processing ZLigw=w s ,,; -
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From databases

Integration

w

From data cubes

From files




5 tasks in

data pre-
processing

Normalisation
Scaling attributes to fall within a specified range ( e.g. [0-1] )

. Aggregation
TrO n S-FO rm O'h O n Moving up in the concept hierarchy on numeric attributes

Generalisation

Moving up in the concept hierarchy on nominal attributes

Attribute construction

Replacing or adding new attributes inferred by existing attributes
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Reducing the number of attributes

Applying roll-up, slice or dice operations, removing irrelevant attributes

Reduction

Reducing the number of attribute values

Binning values, i.e. reducing the number of attribute values by grouping into intervals,

| clustering, aggregation or generalisation

Reducing the number of rows
Sampling




5 tasks in

data pre-
processing

Unsupervised discretisation

Class variable is not used, equal-interval binning, equal-frequency binning

Supervised discretisation
Class variable is used, entropy-based discretisation or similar
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5 tasks in
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Unsupervised discretisation

temperature 64 65 66 67 68 69 70 71
instances 25 5 10 10 5 15 10 25
30 20 20 35

Unsupervised discretisation

temperature 64 |65 66 67 |68 69 70 | 71
instances 25 |5 10 10 | 5 15 10 | 25
25 25 25 25

J - o? - c’ . 75 "‘ BN

& ag .
Equal interval binning

72 73 |74 75 |76 77

10 15| 0 0 | 10 15
25 0 25

Equal frequency binning

72 73|74 75 76 77

10 15 0 0 10 15

25 % <INCOI




5 tasks in

data pre- @‘ \

processing

s ‘ ,',—

Supervised discretisation

64 65 68 69 70 71 72 72 75 75 80 81 83 85

yes no yes yes yes no no yes yes yes no yes yes no

ves | no | yes yes yes | no no | yes yvyes yes | no | yes yves | no



“Preprocessing data does not occur in a vacuum. This is just to say that
preprocessing is a means to an end and there are no hard and fast rules:
there are standard practices, as we shall see, and you can develop an intuition
for what will work but, in the end, preprocessing is generally part of a results-

oriented pipeline and its performance needs to be judged in context.”
- Hugo Bowne-Anderson, Datacamp



What does raw data

look like?

™4 CACHK P {{ ports- \bin\dist\rep \New Er \report7\raw\rawData.crd - Notepad++ - a
1 VO Down] { T8 3 )} (e} Cotuos Aute = | BysesCobumn 1 = File Edit Search Yiew Encoding Language Seftings Macro Run  Plugins  Window 2 x
SR EMM MmO A0 - (1 cHHE BRI s DB Pe M| ax BREI=T[EE @ =GR
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- 12 12 00 00 33 1B 7A 00 42 28 00 00 04 00 - 32 8( H-—mllndnlnnnl'ﬂulﬂmlnu s | B servscr | T | = wremd | = wbemt | B 8| B et ord | = rawData crd B scmotiow |
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“pictocode”: (7, 2, 2, 1, 2, 2, 1),

"uvindex": (2, 3, 3, 4, 3, null, null},

“temperature_max": (7.20, 8.57, 10.11, 9.32, 9.80, 8.60, 9.05),
“temperature_min": [2.58. 0.39, 3.14, 3.38, 3.36, 1.73, 2.11}),
“felttemperature max": [0.75, 5.13, 7.12, 6.46, 7.30, 5.29, 5.78)
“felttemperature min": (-2.86, -2.95, 0.40, 1.01, 1.01, -1.41, -C
"winddirection™: (90, 0, 0, 315, 315, 0, 0],
“precipitation_probability": (29, 11, 11, 11, 11, 16, 24]),
“rainspot™: ["0000000100000011001101111000111100011111001111000",

’
’

v
“predictability class": [4, 5, 5, 4, 4, 3, 3],

"predictability”: (63, 81, 82, 78, 63, 60, 43],

"precipitation™: [0.70, 0.00, 0.00, 0.00, 0.00, 0.00, 0.00},
“snowfraction": [0.00, 0.00, 0.00, 0.00, 0.00, 0.00, 0.00],
“sealevelpressure max“: (1023, 1028, 1024, 1021, 1021, 1017, 1013
“sealevelpressure min": [1017, 1023, 1019, 1018, 1015, 1010, 1003
"sealevelpressure mean™: [1019, 1025, 1022, 1020, 1018, 1014, 10C
“windspeed max”: [S 56, 2.53, 2.92, 2.56, 2.32, 2.83, 3.08),
“windspeed mean": (4.13, 1.73, 1.56, 1.43, 1.40, 1.78, 1.91)],
“windspeed min”: (1 66, 0.94, 0.86, 0.58, 0.77, 0.98, 0.98),
"relativehumidity max": [89, 90, B84, 99, 96, 99, 99], }
"relativehumidity min": (38, 47, 48, 57, 61, 63, 58], E

“relativehumidity mean®: (61, 71, 69, 79, 83, 83, 81)

1

"max_id":

}

"geo": null,

"iso_language_code": "en",

"to_user_id_str": "101622611",

"source": "&lt;a href=&quot;https://chrome.google.com/extensions/detail/encaiiljifbdbjlphpgpiimidegddhic&quot;
rel=&quot;nofollow&quot;&gt;Silver Bird&lt;/a&gt;"

878078605028311600,

"since_id": @,

"refresh_url":

“page":
"completed_in":

"?since_1d=87807860502831104&q=pareshmayani”,
"results_per_page": 15,
1,
0.186334,
nge,

"since_id_str":
"max_id_str":

"87807860502831104",

"query": "pareshmayani"
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Cleaning data
How to go from raw to tidy

RAW data

The rawest form of the data you have access to

Often hard to perform analysis on

May only need to be processed once

https://github.com/jtleek/datasharing#how-to-share-data-with-a-statistician

TIDY data

Ready for analysis

Operations performed include: merging, subsetting, transforming,

Also called ‘pre-processed’ data or ‘processed’ data

]

All steps MUST be recorded

1. Raw data 2. Tidy data
The rawest form you can get your As prepared for analysis

hands on
. 3. Code book v—1 4. Explicit & exact recipe you
- Describing each variable & its : = used to gofrom 1 to 2&3
ontl valuesin the tidy data set Vi

Four things you

should have
Q;l@l
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Four things you should have

<]

1. Raw data

The rawest form you can get your
hands on

3. Code book

Describing each variable & its values in
the tidy data set

A R G

2. Tidy data

As prepared for analysis

4. Explicit & exact recipe you
used to go from 1 to 2&3



Raw data

You must include the rawest form
of the data you have access to.

You know the raw data is in the right format

if the following applies:

You ran no software on the data

You did not modify any of the data values

You did not remove any data from the data set

You did not summarize the data in any way

1. Raw data
The rawest form you can get your

hands on

Some examples

The strange binary file your
measurement machine spits out

The unformatted excel file with 10
worksheets the company you
contracted with sent you

The complicated JSON data you got
from scraping the Twitter API

The hand-entered numbers you
collected looking through a
microscope

The hand-written addresses on
envelopes

LEARNING
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Four things you should have

s

1. Raw data

The rawest form you can get your
hands on

3. Code book

Describing each variable & its values in
the tidy data set

A R G

2. Tidy data

As prepared for analysis

4. Explicit & exact recipe you
used to go from 1 to 2&3



Ti d y d ata @ fs Jigxec:i?:raanalysis

General rules Specific guidance

Each variable you measure should be in one

column Include a row at the top of each data table/spreadsheet that contains full row names.

AgeAtDiagnosisis betterthan ADx

Each different observation of that variable
should be in a different row

. multiple worksheets
There should be one table for each kind of

entity

In excel: no macro’sshould be applied to the data

If you have multiple tables, they should
include a column in the table that allows

them to be joined or merged In excel: no color coding.
Make color a variable in its own column

<YNCOI
Y

In excel: one excel file per table. Do not use

LEARNING



Four things you should have

s

1. Raw data

The rawest form you can get your
hands on

3. Code book

Describing each variable & its values in
the tidy data set

A R G

2. Tidy data

As prepared for analysis

4. Explicit & exact recipe you
used to go from 1 to 2&3



Code book

This is often a word file with
two major sections

Code Book

3. Code book

Describing each variable & its
valuesin the tidy data set

<¥NCOI
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Code book

This is often a word file with
two major sections

1. Study design : how you
collected the data

2. Code book : what you
collected (description of each
variable and its units)

* Continuous: e.g. weight in kg

* Ordinal: e.g. survey responses (ORDERED)

* Categorical:e.g. sex (UNORDERED)

* Missing: code these as NA

* Censored: code these as NA and add column
VariableNameCensored set this to True

Code Book

o 3. Code book

o —
oo Describing each variable & its
valuesin the tidy data set

Information about the variables (including
units!) in the data set that is not contained in
the tidy data

Information about the summary choices you
made

Information about the experimental study
design you used

<QNCOI
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Four things you should have

v 1. Raw data 2. Tidy data
The rawest form you can get your As prepared for analysis

A hands on

3. Code book
Describing each variable & its values in
the tidy data set

4. Explicit & exact recipe you
used to go from 1 to 2&3




Recipe

¥ =] usedtogofrom1to2&3

Reproducibility is sort of a big deal

The ideal :

D e A 2 A rd e

Pravvino Walalaala rToY cCrinm

Froviae a computer scrip
! {

Example

Code in R or Python that takes the raw
data as input and produces the tidy data
you are sharing as output.

Tip 1: Run the script a couple of times to
see outputis consistent

Tip 2: Run the script on a colleagues pc
Tip 3: Provide specific version IDs

The next best thing : Provide

B B
219=10lala™Malalal~
hle uao-coae
Yy

Example

Step 1 : take the raw file, run version 3.1.2
of summarize software with parameters
a=1, b=2, c=3

Step 2 : run the software separately for
each sample

Step 3: Take column three of
outputfile.out for each sample and that is
the corresponding row in the output data
set

LEARNING
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v=] 4. Explicit & exact recipe you



v

OpenRefine Cookbook
The Basics
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