Chapter 4
Data



4.1 Content of this Chapter

All the aspects of data:

1. ldentification and prioritization of data

How to collect and get data

How and why to harmonize, rescale and cleansing data
Discovery of relationship In data

Documentation and reporting of findings

Re-definition of the business and analytics problem statement by use
of the data analytics result
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4.2 ldentification and prioritization of data

What we have already done:

1) We have a business problem statement: first assessment of available
data

2) We have translate the what into the why, and thus, had to think about
different options / alternatives to perform the analytics project

3) We proposed a set of drivers: input variable and outcomes

4) We proposed a set of (not necessarily causal) relationship between
the variables



4.2 ldentification and prioritization of data

Identification and prioritization

1) Decide the characteristic of the input variable (mean, distribution, text,
etc)

2) Determine which data can cover this characteristic (e.g. personal data for
determination of the age / distributions of ages)

3) Determine which data types are most preferable and prioritize them
4) List all data one already has or one knows they are available

5) If missing data, either one has to go for doing an inventory of additional
data with your customer or if not available one has to collect them.

6) If data are neither available nor collectable in due time, one has to refine
or redefine the analytical or the business problem eventually.




4.2 ldentification and prioritization of data

But, you must become clear about the type of data you need and
you finally have / can receive.

A thorough understanding of the data Is required.



4.2 ldentification and prioritization of data

Types of data:

There are many different types of classification of data:
» Hard data vs. soft data

* Numerical vs. categorical data

 Ordinal vs. nominal data

* Discrete vs. continuous data

 Cross-sectional data vs. time series

e Structured vs. unstructured data



4.2 ldentification and prioritization of data

Types of data:

There are many different types of classification of data:
* Primary vs. secondary data

» Meta data

« Dummy variable

* Binned (or discretized) data

* Binary data



4.2 ldentification and prioritization of data

Some definitions (repetition):
A population includes all of the members / items of interest in a study

A sample Is a subset of the population. A sample is of determined
randomly and preferably a representative of the whole population.



4.2 ldentification and prioritization of data

Some definitions (repetition):

A data set (of structured data) Is usually an array of data with
In columns and IN rOWSs.

Example:

ID OPDATUM  OPSAAL OPMIN ANAMIN VERLEGT DIAGMOSE OPDURCHE(CHIRBEMER DISZ OPGEPLANTCHIR1 KLASSE HOSP BESTELLT VORBEREITIIM_SAAL BEGINNCHIR SCHNITT NAHT ENDECHIR ANAENDE CANCELED SCHNITT_MA SAALBELEG DRINGLICHK NFKAT

201852 01.01.2011 'Wwa 39 56 00:10:12 keine Diag: M FK W& Sectio Stvoc 3 stat 23:14:12 23:14:12 23:14:12 23:19:12 23:58:12 00:12:45 00:10:12 39 44 3 1A

201847 01.01.2011  AUA 39 59 221312 Bindehaut La TC AU Bindehautnat Hen % amb 20:54:12 21:14:12 21:22:12 21:28:12 22:0712 22:13:12 39 45 ]

201825 01.01.2011 03 9 44 15:42:12 Post tramatis Sterile Punkti co Punktion OStLea 3 stat 10:32:12 10:46:12 10:51:12 11:06:10 11:11:12 11:20:12 11:24:32 11:30:12 £ 29 2B

201834 01.01.2011 WG 4 M 19:09:12 keine Diag: N FKK Man placenta hoi ] stat 18:28:12 18:28:12 18:28:53 18:25:12 19:09:12 19:09:51 19:09:12 1 (8] 3 2B
01.01.2011 04 80 153 13:14:12 keine Diag: N Offene Repos CR Wunsch 1.1.2Ssi ] stat 10:27:12 10:41:12 11:24:12 1:27:23 11:38:12 12:58:12 13:08:39 13:14:12 "80 94 €] 4A
01.02.2011 07 24 107 14:32:12 keine Diag: M CR Wunsch Saal Jak " stat 10:37:12 10:48:12 11:39:12 11:38:50 11:54:12 12:18:12 12:18:51 12:36:12 24 39 [ 4B

203967 01.022011 M 114 205 17:37:12 Pansinusitis [NNH-OP bds TN HN NNH-OP bds. Kor 3 stat 12:35:12 12:49:12 13:25:12 13:19:54 13:51:12 15:45:12 15:50:12 16:14:12 "14 "140 i

204017 01.02.2011 07 36 122 16:29:12 keine Diag: NBursektomie CR Bursektomie Glp ] stat 14:10:12 14:27:12 14:45:12 15:20:26 15:20:12 15:56:12 16:11:03 16:29:12 36 1 3 4A

203968 01.02.2011 02 57 111 12:26:12 WVestibulum n Versuch MLEITN, Pat.hat THM Mikrolaryngos: Brt ] stat 09:00:12 09:17:12 09:30:12 09:43:36 09:47:12 10:44:12 10:55:32 11:08:12 7 74 "

203974 01.02.2011 09 224 360 13:06:12 koronare 3-As cc “A* AKB:LIM, Gma ] stat 06:35:12 07:06:12 08:09-12 08:17:48 08:37:12 12:21:12 12:36:32 13:06:12 224 "252 "



4.2 ldentification and prioritization of data

Some definitions (repetition):

A variable (or field or attribute) is a characteristic of the items of the
population.

An observation (or case or record) is a list of all variable values for a
single member / item of a population.



4.2 ldentification and prioritization of data

Hard data vs. soft data

« Hard data are data that is collected by scientific observation and
measurement (e.g. experimentation)

* Soft data are data that is explored from interviews and reflective
opinions and preferences.

Example:

Testing two new products based on sold items and revenues vs. explore
In Interviews with consumers opinions and preferences of these
products.



4.2 ldentification and prioritization of data

Unfortunately, in most cases we have soft data.
Thus, how to translate soft data into hard data?

Actual individial Artificial individual

Q Q Hypothesize an
artificial individual
\/ \/ whose preferences and
beliefs can be

completely described

/\ /\ with hard data




4.2 ldentification and prioritization of data

Example (economy): The rationale investors that have all the same and
full market information.



4.2 ldentification and prioritization of data

Example (operating room optimization):
Soft data; interviews with surgeons and management how decisions are made
when and who can operate an emergency.

Translation into hard data: Development a set of rules to achieve the same
behavior:

* If there Is a sufficient long free slot in the discipline of the emergency, then
allocate it first there

e If the time until the ogerating rooms are closing Is less than 6 hours for an
emergency category 2 (maximum Waltlngntlme for an operation is 6 hours),
then allocate It to emergency shift (after the closing of the standard
operating rooms)

e And so on....



4.2 ldentification and prioritization of data

Numerical vs. categorical data

A data or variable is called numerical If meaningful arithmetical
operations can be performed. Otherwise, It is called catecorical.

Example categorical:

@ I like it that way

0 It must be that way
0 I am neutral
0 I can live with it that way —»
o I dislike it that way
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4.2 ldentification and prioritization of data

Ordinal vs. nominal data

A categorical data is ordinal if there Is a natural ordering of its possible
categories.

If there Is no such natural ordering, it is called nominal.

Example:

@ [ like it that way

0O It must be that way
o I am neutral
0o I can live with it that way —»
o I dislike 1t that way

VS. [J male [] female

O~ WD -




4.2 ldentification and prioritization of data

Discrete vs. continuous data

A numerical variable is discrete If it results from a count, such a number
of customers who buying a certain product.

A continuous variable is the result of an essentially continuous
measurement, such as the waiting time of patient.



4.2 ldentification and prioritization of data

Cross-sectional data vs. time series

Cross-sectional data are data on a cross section of a population at a
distinct point in time.

Time series data are data collected over time.



4.2 ldentification and prioritization of data

Cross-sectional data vs. time series

Example: Trading activities of a bank over a certain time horizon.
1) Proportional composition of the traded instruments per day

2) Development of the number of daily trades
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4.2 ldentification and prioritization of data

Structured vs. unstructured data
Structured data can be put into rows and columns

Unstructured data cannot be put anymore in rows and columns e.g. a
text or a movie



4.2 ldentification and prioritization of data

Examples:
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analytics becomes accessible to a wider cross-section of employees.

Twenty-sight per cent of workers use predictive tools regularly, according to the SAP
survey, and that figure is expected to rise to 42 per cent over the next five years.

Further, 84 per cent of respondents said they wanted training to integrate analytics
into their daily work.

US company QlkTech has developed QlikView, analytics software it says can be used
without any data science expertise. The group’s clients range from retailers,
healtheare trusts and local governments to the Swedish police and even a Peruvian
fishing co-operative.

“People are natural data scientists and have the capacity to carry out quite complex
evaluations of data,” says Donald Farmer, a vice-president at QlikTech. “The
problem has been that traditional analytics systems have often become highly
technical.

“QlikView is constructed in a natural way, so people can understand it easily. Only
very mdimentary training is nesded to find your way around the screen, and
certainly no training needed in statistical analysis.”

Mr Farmer adds: “We're not negating the role of data scisntists — they will always be
needed at some level. But it sometimes seems that the only way to do business is for

adata scientist to learn the business or the business person to learn data science.
We think there is another way.”
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4.2 ldentification and prioritization of data

Structured vs. unstructured data

But: data analytics is typically only applied /can only be applied to
structured data.

Thus, how to analyze unstructured data?

Typically, data analytics algorithms cannot access the unstructured data
directly.

The unstructured data are first “structured” to be an input for a data
analytics process.



4.2 ldentification and prioritization of data

Example: Matching of fingerprints

* |[dentify important points

 Set up a map / polygon

* The structured maps are the analysed
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4.2 ldentification and prioritization of data

Example: Text Mining

One have to extract content and not single words. Thus, the relevant
words have to be extracted in a structured way.

Example: Big Data

Typically, first application of so-called Hadoop and/or Map-Reduce, and
then the data are structured for data analytics and statistical tools.



4.2 ldentification and prioritization of data

Primary vs. secondary data

Primary data are data which are not yet available and has to be measured and
collected first.

Example:

« Company starts producing, recording and storing certain data e.g. new
reporting data or new regulatory data

* |IFRS 9, Impairment: there will be new requirements that companies must
quantify expected credit losses on financial instruments.

* This has not been required and done in the past thus, they have to start
collect the required risk data, calculate the expected credit losses, have to
store them and have to report them in the financial statements




4.2 ldentification and prioritization of data

Primary vs. secondary data
Secondary data are data already collected by someone else.

Example:

* Internet

 Accounting / reporting data in companies

* All your student dataat ETH / UZH

« Statistical data e.g. census (Swiss Federal Statistical Office)
 Log data in IT systems

* And so on



4.2 ldentification and prioritization of data

Primary vs. secondary data

Advantage of secondary data:

* |t safes time as the data are already available

« Some data are already structured and cleaned
Disadvantage of secondary data:

 Data may be outdated

 Data may already be processed (or manipulated)



4.2 ldentification and prioritization of data

Meta data
Meta data are data about the data 1.e. describes the data.

Examples:

 Date when data has been collected

* Purpose for the collection

* How the data was collected

« Size / volume of the data

* Image resolution

 Dates of changes in the data / dates of access to the data
* Tags in social media



4.2 ldentification and prioritization of data

Dummy variable (binary data, indicator)

A dummy variable is a 0 — 1 coded variable for a specific category.
Typically, 1 labels the observations in this category and O for all other
observations not In that category.

Binned (or discretized) data

Binned data correspond to a numerical variable that has been
categorized into discrete categories.

These categories are called bins.



4.2 ldentification and prioritization of data

Use Case: Web Page Analytics

Business issue: A car brand wanted to optimize the success rate of
customer contacts and thus, to Increase the sales of cars.

Analytics problem:

 Based on the access date of the web page of the car brand,
classification of the different types of web page visitors e.g. with
which probability such a visitor will buy a car

 Based on these classes, optimization of the optimal contact procedures



4.2 ldentification and prioritization of data

Use Case: Web Page Analytics (cont’d)
Data available:

Order form for Log-File:
information

Recording and storage of the web page behavior of the visitors e.g.

Contact form - | Which page have been visited
- | How they navigate through the pages

Leasing calculator - Which information has been ordered

- | Which cells of a form has been filled out
- | Recurring visits of the page or one-off visit

- By which device the page was visited

o - What calculation in the leasing calculator has been performed

) ) - | What time they have visited the web page |
Was kostet mein - Data entered into the forms (name, address, age, age of the car, etc)
Leasing?

-} - EREEEI oY)

14.10.201
4.10.2015 Flickiger

Data Analytics in Organisations and Business - Dr. Isabelle

Sales data:

Customers who have bought a car

when,

price segment,
where,
payment option

personal information
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4.2 ldentification and prioritization of data

Use Case: Web Page Analytics (cont’d)
Classification:

1 1 1 1 | 1 !
Probability of a car sale per
18% LE N ]
customer class
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4.2 ldentification and prioritization of data

Use Case: Web Page Analytics (cont’d)
Data used:

Binned data
Meta data

Categorial data
(nominal)
Continuous data

Numerical
Cross-sectional

1 1 1 1 1 1 !
Probability of a car sale per
18% LE N ]
customer class
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4.2 ldentification and prioritization of data

Use Case: Web Page Analytics (cont’d)

Finally, based on the probability of buying a new car, the response medium
has Ibe(_an optimized (cost — return optimization) and some response time
analysis:

* > 43%: call and offer them a test drive
» < 8%: send them twice a year the usual advertising brochure
* 8% - 27%: send them some general car brochures within the next 2 months

e 27% - 43%: send them tailored brochures within the next 3 weeks: follow
up brochures every 2 months





