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Outline

▪ Data collection

▪ Data processing

▪ ETL, workflow support

▪ Data format/representation

▪ Data storage

→Data analysis
In Data Science, 80% of time spent prepare data, 20% of time spent 
complain about need for prepare data. - @BigDataBorat Twitter
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Data science „process”

https://en.wikipedia.org/wiki/Data_science
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HOW TO GET THE DATA?
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Decentralised Data-Space
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OMG DDS Core notions

Introducing DDS DDS™ – The Proven Data Cbonnectivity Standard for IIoT™ 
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Anatomy of a DDS Application
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Technological aspects
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DATA PROCESING WORKFLOW
& TOOLS
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ETL

▪ „Extract-Transform-Load”

▪ Originally: to fill a snowflake/star schema

▪ In data science: create dataframes

▪ Cleaning tasks

o Standardization

o Normalization

o Deduplication

o Enrichment

o Clear/fill NAs
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Example data processing workflow (KNIME)

Steps: reading, 
filtering/aggregation, 

transformation, plotting, …

Status of the concrete execution

KNIME
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Measurement processing: RapidMiner

Delete
unnecessary

attribute

Calculating
averages
(interval)

Read CSV
Format

conversion
Identifying source

node

Filter to
cpu.usage.average

Add machine
information
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DATA FORMAT
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Tidy data

▪ 3 Simple rules to facilitate statistics and 
visualization

▪ One variable – one column

▪ One observation – one row

▪ Each type of observational unit – one table

▪ … seems to be trivial

▪ … not true in most practical cases

▪ … and even for statistical tools (e.g. output of R 
packages)

Wickham, H. (2014). Tidy data. Journal of Statistical Software, 59(10), 1-23.
https://github.com/hadley/tidy-data



16

Data originally: long/wide

https://en.wikipedia.org/wiki/Wide_and_narrow_data
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How to use these formats?

Sparse Screening for Exact Data Reduction. Jieping Ye, Arizona State University 
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Examples for tidy data

http://garrettgman.github.io/tidying/

R dataframe representation:
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„tidying”

R: spread(data,key,value)

http://garrettgman.github.io/tidying/
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„tidying”

R: spread(data,key,value)

Generalization?

http://garrettgman.github.io/tidying/
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Data restructuring examples ( in R)

https://www.r-statistics.com/2012/01/aggregation-and-restructuring-data-from-r-in-action/
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DATA STORAGE
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Reminder: Tabular Representation

▪ Rows of the table = Model elements

▪ Columns of the table = Properties

▪ Data analysis languages (e.g. R, Python): dataframe

o One row: one measurement/observation

o Columns have their own Types

Name Type Size (kB) Last modified

Documents directory 2016.02.02

Contracts.pdf file 569 2015.11.09

Pictures directory 2016.02.02

Logo.png file 92 2015.03.06

Groundplot.jpg file 1226 2016.02.02
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Common data storage techniques

▪ .CSV

o Majority of inputs

o Length? Header? Encoding?

▪ DB with a schema (in memory?)

▪ Graph databases, ontologies, RDF…

▪ Key-value stores (redis)

▪ Time series databases (openTSDB, influxDB)

o Time series + metadata

▪ „Data in motion”

o Streams as input for processing/analysis



25

Time series example: influxDB

▪ Data: measurement

o Fields, tags, timestamp
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Dashboards… (e.g. Grafana)

https://grafana.com/dashboards/1443
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DATA ANALYSIS
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Data mining „brickstones”

Association rules Regression

Clustering Classification
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Clustering
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Association rules



31

Classification
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Regression
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THE SYSTEMATIC WAY:
EXPLORATORY DATA ANALYSIS

Look and see

Data analysis

Data

Model

New knowledge
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Dr. Snow and 1854 London cholera epidemics

„About half of our sensory neurons are dedicated to vision, 
endowing us with a remarkable pattern-recognition ability.”

Prof. Alfred Inselberg
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Exploratory data analysis (EDA)

▪ Summary of the main characteristics of a data set

o Identification of outliers, trends, other patterns

o Often with visual methods. 

o A statistical model can be used or not, 

▪ „For seeing what the data can tell”

o beyond formal modeling or hypothesis testing 

o hypotheses → new data collection and experiments
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Approach-visual exploratory analytics

Resources

▪ 120.000.000 sensors

▪ 1010 processors

Process based on interactivity

1. Graphical presentation of the data 
– multiple diagrams

2. Visual evaluation 
– exploiting human overview 

3. Visual selection, manipulation – multiple diagrams

4. Interpretation, correlation with other models, 
evaluation (like architecture etc.)
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Visualisation in Everyday Life
Trend Analysis and Forcast

Correlation Analysis Analysis of Spatial Data

Time Series Analysis
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Additional knowledge

▪ „People buying coffee often buy milk”

▪ „There is a significant difference in salaries
depending on gender”

▪ „The memory consumption of a software grows
exponentially wrt. number of requests in queue”.

▪ „The population follows a 𝑁(100, 15) disribution”

▪ „BME students fall into 3 main different groups
(according to their grades)”
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Data analysis

Data analysis

Data

Modell

Additional
knowledge

Confirmatory

Exploratory

C
le

an
in

g
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Data analysis

Exploratory analysis
• Goal: formulate

hypotheses
• Know the data/domain
• Highly ad-hoc
• Mainly descriptive

statistics+data
mining+visualization

Confirmatory analízis
• Goal: test hypotheses

• Validate
• Mainly statistical tests + 

statistical inference
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Data analysis

▪ E.g. distribution analysis

Exploratory
Hypothesis: variable 𝑥
follows normal distribution

Confirmatory
Variable 𝑥 follows 𝑁(12, 4)
distribution
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Exploratory Data Analysis

▪ Goal: hypothesis formulation

▪ Pattern recognition

▪ Early validation

▪ „Sensors of type X are sensitive to high
temperature”

▪ „Application of Type Y is sensitive to CPU load”

▪ Interactive, human expert needed

▪ Later: automated support(IBM Watson Analytics)
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Validation for automated methods

Avoid false assumptions
Use human intuition

(1973)

▪ For all cases:
𝑀𝑒𝑎𝑛𝑠:
𝑀 𝑥 = 9

𝑀 𝑦 ~7.5
𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒:
𝜎 𝑥 = 11
𝜎 𝑦 ~4.12

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛:
𝐶 𝑥, 𝑦 ~0.816
𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛:
y ~ 3+ 0.5x
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… and some more 

Matejka, Fitzmaurice. Same Stats, Different Graphs: Generating Datasets with Varied Appearance 
and Identical Statistics through Simulated Annealing. ACM SIGCHI Conference on Human Factors in Computing Systems
https://www.autodeskresearch.com/publications/samestats
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Distribution vs summary

Same summary != same story

Matejka, Fitzmaurice. Same Stats, Different Graphs: Generating Datasets with Varied Appearance 
and Identical Statistics through Simulated Annealing. ACM SIGCHI Conference on Human Factors in Computing Systems
https://www.autodeskresearch.com/publications/samestats
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Parallel Coordinates

▪ Multi-dimensional visualization

▪ Compact, scalable

▪ Axis order?

[2, 4, 4, 5, 6]

[3, 6, 6, 4, 5]

[1, 2, 2, 3, 3]

A B C D E

[2, 5, 4, 6, 4]

[3, 4, 6, 5, 6]

[1, 3, 2, 3, 2]

A D C E B



47

Parallel Coordinates: Analysis of the Test Cases

1 test case: 1 broken line

The variables appear
on the 𝑥-axis
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Parallel Coordinates: Analysis of the Test Cases

The ones detecting an error did 
not even came to the actual 

computation.

Timeout?

Run time and memory usage seem to be in a positive 
relation (if the test is successful)
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Parallel Coordinates: the Alternatives
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VISUAL EDA EXAMPLES
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EDA example

Imre Kocsis: Measurement-Driven Resilience Design 
of Cloud-Based Cyber-Physical Systems
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EDA example2
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EDA example3: pairwise correlation

Blue: positive, 
Red: negative

Strong color: 
strong correlation Correlating variables

Independent variables

Variables

R „corrgram package”

Pearson linear correlation

Scatterplot matrix

Goal: identify correlating variables, outliers

→ Dimension reduction

→ Feature selection
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Pairwise analysis

http://vis.stanford.edu/projects/datavore/splom/



55

EFFECTIVE MULTI-DIMENSIONAL
DATA VISUALIZATION

https://github.com/dipanjanS/practical-machine-learning-with-
python/tree/master/bonus%20content/effective%20data%20visualization

https://towardsdatascience.com/the-art-of-effective-visualization-of-multi-
dimensional-data-6c7202990c57

https://github.com/dipanjanS/practical-machine-learning-with-python/tree/master/bonus%20content/effective%20data%20visualization
https://towardsdatascience.com/the-art-of-effective-visualization-of-multi-dimensional-data-6c7202990c57


56

Analysis of wine characteristics
▪ Cortez P, Cerdeira A, Almeida F, Matos T, Reis J. Modeling wine preferences by 

data mining from physicochemical properties. Decision Support Systems. 2009 
Nov 1;47(4):547-53.
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