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Takeaway Messages

1. “Data-driven” is not only about data analysis

2. “Smart” means being able to use the knowledge immediately and in
automated manner

3. Consider the dependencies between the data analytics results
and the IT systems in use
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Topics

= Data Science Life cycle

= Example: Use Case from Logistics
= Results and additional recommendations

" Enabling the data-driven and smart enterprises

= Future Research
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Data Science Life Cycle

= Life Cycle is of exploratory nature

Business Data .
Understanding Understanding

Deployment / Data

Embedding Preparation

Evaldation Modelling o
JorBusiness

What You Need 10 Knew
it Dhata Mining and
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Data Science Life Cycle

= Life Cycle is of exploratory nature

Data
Understanding

Business
Understanding

Business Analyst: Business Analyst and
Define Business Data Scientist:
Problem | < Define/ldentify Data
Decompose it to sub- Sources
problems Data e Supervised vs.
Baseline Model for unsupervised problem
Comparison <::  |s expected value a

valuable framework
\ for solving the
business problem

IvVioaelling Data Science

JorBusiness
W i

Evaluation
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Data Science Life Cycle

= Life C Data Scientist:
e Collect— How?
e (Clean —remove data attributes that are Data
not relevant, convert types, remove or Understanding

infer missing values

e Format —is the format known?

 How will value for target variables be
acquired?

e Data acquisition cost

* Are the data used the same as the one
to which the model will be applied

Data
Preparation

I O

e
Data Scientist:

Create Model(s):

* Descriptive

* Predictive Modelling Datg Sclence

JorBusiness

* Prescriptive

What You
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Data Science Life Cycle

= Life Cycle is of exploratory nature
/ SW Engineers, Developers,\_//

(Data Scientist):
Implement Model into
Production (into an

|nfsrmat|on system or Evaluate Model Quality:
R usiness process) / s , : -\\
efine appropriate metrics
4 * Consider business costs and
benefits Data
Compare with Baseline model
Domain-knowledge validation
Present evaluation results

Data Scientist:

Deployment /

Embedding paration

Modelling Data Science

JorBusiness
v o

© Dimka Karastoyanova



Data-driven: (Big) Data Technologies

Data queuing Data processing and analysis ata presentation u Data P roceSSi ng Ch a i n
SAS Visual
_ Analytics ]

Tableau

Hive
Drill

S = Complexity of

T technologies and the

iCharts |

available software

. Google |
TimelineJS |

= Adaptation to use cases
needed

= Data quality, data
Source: Exioing Big Datats Benefs Heidrich, Trendovicz, Ebert, IECE integration and data
o preparation must be
improved

RDBMS =relational database management system.
MPP = massively parallel processing.



Data-driven Smart Logistics Scenario

. Package . .
Goods Recelved>> and Load >> Ship Deliver

= Scenario: " |nput from LP
= Transportation of temperature sensitive =  Qverview of IT system
goods = Sensor data and alarm data
= Sensor data  gathered about the = Assignment of sensors to containers

temperature values along the whole

. = The route and location
transportation route

= Data about what has been done in case of
alarm

[ |
= There is a central team responsible for Goal
monitoring the alarms and deal with them = Predict if a signalled alarm is real or not

= Improve quality of service to customers

= Alarms signalled when temprature does not
comply with regirements
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Data-driven Smart Logistics Scenario (2)

. Package . .
Goods Recelved>> and Load >> Ship Deliver

= Project steps followed the Data Science life cycle:

= The goal was to solve the business problem c

= Baseline model was the current behavior

= |l.e. only less than half of the alarms
needed action .

Action

No Acion
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Data understanding and preparation:

understanding the actual processes, data
cleaning, transformation, feature engineering

Supervised modelling and evaluation

= Created several prediction models to
accommodate  different  types  of
customers

Deployment

= The models can be used by the LP
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Data-driven Smart Logistics Scenario (3)

. Package . .
Goods Recelved>> and Load >> Ship Deliver

= What we recommended
= Better data quality — cleaner data, more data

= Labels for predicting if an alarm was real or not — roughly 50% missing...
= Adapt IT systems so that target values can be collected to update the classifier

= Change the process of how the IT systems interact (alarm handing team) — decentralized
approach, use Web Service implementation of predictive model

= Deploy the solution - Integrate the predictive model into the IT system, avoid acting
upon false alarms, automatically
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Being Data-driven and Smart Enterprise

Predict true alarms?
Improve Efficiency?
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What Can Computer Science Contribute?

Predict true alarms?
Improve Efficiency?

A S

A A
4 N N
. ‘ Enterprise Systems
Data: " Data Capturing: |, —
0T " CEP, MOM, DBs, :‘ D;;?aAgggé? _‘ Process/IT Realizaiton
SW Systems L g ML : ” + Architecture:
DBs o _ ) n Merr;or -1 Workflows, programming languages,
Social Networks. .. “URI Processingy’ r SOA, REST,
) MOM, DBs,
G - Protocols, Cloud,
Security...
: Package :
Goods Recelved> and Load > Ship / UETNVET /
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The Future — Close the Cycle

Runtime Monitoring of
KPIs and their
dependencies

loT and Event-

. Adaptation
Processing .
mechanisms,
Systems, Performance : .
. reaction to insights of
Data Analytics Improvement

data analysis

s f— Senans Data:
Collection,
Analysis,
‘‘‘‘‘‘‘‘‘‘ ; Embedding
and
Deployment

eeeeeeeeee

Adaptation
of complex
Processes

vvvvvvvvvvv

Best Practices,
Patterns for
Service Design,
Platform
Engineering

Service Design,
Integration of
Legacy Systems

Software
Architectures

Systems
Integration
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Takeaway Messages

1. “Data-driven” is not only about data analysis

2. “Smart” means being able to use the knowledge immediately and in
automated manner

3. Consider the dependencies between the data analytics results
and the IT systems in use
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