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BEFORE WE START...

Data Quality Management
v Towards automating data quality specification by extracting data quality requirements from data features
+ Data Deduplication (A Record Linkage-Based Data Deduplication Framework)

+ Data Quality-aware Software Development

+ User-oriented data object-driven approach to data quality assessment = DQMBT (Data Quality Model-Based
Testing of IS)

+ Data Lake and Data Wrangling for Ensuring Data Quality in CRIS

Integrating artificial intelligence technologies into customer service: Improving the Actionability of Customer
Feedback Analysis Using Machine Learning
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Data Quality Management
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+ Data Deduplication (A Record Linkage-Based Data Deduplication Framework)

+ Data Quality-aware Software Development
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Ensuring Data Quality in CRIS. In CRIS2022: 15th International Conference on Current Research Information Systems
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Analysis Using Machine Learning



BACKGROUND

Today, billions of data sources continuously generate, collect, process, and exchange data = with the rapid

Increase in the number of devices and IS, the amount and variety of data are increasing.

There Is a need to integrate ever-increasing volumes of data, regardless of the source, format or amount, where

the data quality, flexibility and scalability in connecting and processing different data sources are crucial.

$

an effective mechanism should be employed to ensure

faster value creation from these data




DATA QUALITY

Why data quality? Again? and still?



BUSINESS OUTCOMES WISDOM T

APPLIED KNOWLEDGE
DECISION QUALITY KNOWLEDGE |
ACTIONABLE INFORMATION
INFORMATION QUALITY INFORMATION |
DATA IN CONTEXT
DATA QUALITY --- DATA ‘



https://profisee.com/data-quality-what-why-how-who/

BUSINESS OUTCOMES WISDOM T
APPLIED KNOWLEDGE
DECISION QUALITY KNOWLEDGE |
ACTIONABLE INFORMATION
INFORMATION QUALITY INFORMATION
DATA QUALITY --- DATA

DATA IN CONTEXT
Among other “nuances”, data quality is use-case dependent and dynamic (as
well as relative) in nature!

*x* “absolute data quality” == a level of data quality at which the data would satisfy all possible use
cases - Is not possible to achieve, but this is the objective to be pursued
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DATA REPOSITORY




DATA WAREHOUSE

DATA LAKE?

Maybe even something more?
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Structured Batch Procassing.
unstructured Data Scientists, Stream Processing, Bl. Reporting
Data Analysts Machine Learning.
Real time analysis

Raw

Data Lakes contain unstructured, semi structured and structured
data with minimal processing. It can be used to contain
unconventional data such as log and sensor data

Refined

Data Warehouses contain highly structured data that is cleaned, pre-processed
and refined. This data is stored for very specific use cases such as Bi.

Smaller

Data Warehouses contain less data in the order of terabytes. In order to
maintain data cleanliness and health of the warehouse, Data must be
processed before ingestion and periodic purging of data is necessary

Large

Data Lakes contain vast amounts of data in the order of petabytes,
Since the data can be in any form or size, large amounts of
unstructured data can be stored indefinitely and can be
transformed when in use only

Undefined

Data in data lakes can be used for a wide vanety of applications,
such as Machine Learning, Streaming analytics, and Al

Relational

Data Warehouses contan histonc and relational data, such as
transaction systems, operations etc

Image source: https://www.grazitti.com/blog/data-lake-vs-data-warehouse-which-one-should-you-go-for/, https://www.qubole.com/data-lakes-vs-data-warehouses-the-co-existence-argument/
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Large

Data Lakes contain vast amounts of data in the order of petabytes,
Since the data can be in any form or size, large amounts of
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transformed when in use only
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Refined

Data Warehouses contain highly structured data that is cleaned, pre-processed
and refined. This data is stored for very specific use cases such as Bi.

Smaller

Data Warehouses contain less data in the order of terabytes. In order to
maintain data cleanliness and health of the warehouse, Data must be
processed before ingestion and periodic purging of data is necessary

Relational

Data Warehouses contan histonc and relational data, such as
transaction systems, operations etc
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Data Warehouses contain highly structured data that is cleaned, pre-processed
and refined. This data is stored for very specific use cases such as Bi.
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Data Warehouses contain less data in the order of terabytes. In order to
maintain data cleanliness and health of the warehouse, Data must be
processed before ingestion and periodic purging of data is necessary

Relational

Data Warehouses contain histonc and relational data, such as

transaction systems, operations etc
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Implementing a Data Lake or Data Warehouse Architecture for Business Intelligence? | by Lan Chu | Towards Data Science


https://towardsdatascience.com/implementing-a-data-lake-architecture-for-business-intelligence-f2c99551db1a
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Data source #2 Data transformation End user need
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Data source #3 Data transformation End user need

Data Lake

So how to get its benefits?

Image source: https://towardsdatascience.com/augment-your-data-lake-analytics-with-snowflake-b417f1186615
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DATA LAKE & DATA WAREHOUSE

DATA LAKEHOUSE
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Data lakehouse Is seen as a combination of data warehousing workloads & data lake economics

Running Analytics on the Data Lake - The Databricks Blog


https://www.databricks.com/blog/2020/11/12/announcing-the-launch-of-databricks-sql.html
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BUSINESS DATA LAKE

https://www.capgemini.com/wp-content/uploads/2017/07/pivotal _data lake vs_traditional bi 20140805.pdf
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DIRTY/DATA YOU-

CLEANTTUPYOU MUST

memegenerator.né

Or how to avoid GIGO*?

*“garbage in, garbage out”

Image source: The abstracted future of data engineering | by Justin Gage | Datalogue | Medium
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DATA CLEANING or DATA WRANGLING?



DATA WRANGLING
VERSUS

DATA CLEANING
DATA CLEANING DATA WRANGLING

Process of detecting and Process of transforming
removing corrupted or and mapping data from one
inaccurate records from a raw data form into another

record set, table or form with the intent of
database making it more appropriate

and valuable for various
tasks

AN EEEEEEEEEEEEEEE SRRy EE EEEEE NN EEEEEEEES
a process of iterative data exploration

s ~ : - - 0-. o - -
Ddta LleanSlng 1S anOthel Data l]?l,ll'lclllc 15 allOthel and transformation that enables their
name f()r data Cleaning name for data wrangllng further analysis by making them (1)

usable, (2) credible and (3) useful

Visit www.PEDIAA .com

https://pediaa.com/what-is-the-difference-between-data-wrangling-and-data-cleaning/



Data Wrangling

5-5-2-5-3-5-3-8-3
DEFINE 1. 2. 3. 4. o

BOALS  DISCOVERING STRUCTURING CLEANING ENRICHING VALIDATING PUBLISHING  ANALYZE  VISUALIZE

> The nature of data lake allows to store a variety of data within the memory

BUT

> there is a need to clean up dirty data and enrich them in a pre-processing process, where data wrangling is found to be suitable

for these purposes.

> The goal is to convert complex data types and data formats into structured data without programming efforts =» users should

be able to prepare and transform their data without the need of using the ETL tools or familiarity and use of programming
languages, where these transformations should be automatically suggested after reading the data based on machine learning

algorithms that greatly speeds up this process.

Image source: https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.ecloudvalley.com%?2Fwhat-is-datalake-and-datawarehouse%2F&psig=AOvVawlvGuz42Qfu2-0J_bpmhpbJ&ust=1651908882490000&source=images&cd=vfe&ved=0CA0QjhxgFwoTCNiaquD6yvcCFQAAAAAJAAAAABAO
Source: https://monkeylearn.com/blog/data-wrangling/, https://www.altair.com/what-is-data-wrangling/
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DATA LAKE + DATA WRANGLING

DATA QUALITY IN IS

[an asset, not a silver bullet]
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Depending on the IS and the desired or required target guality*, individual steps should be carried out several times = data wrangling is a continuous process

that repeats itself repeatedly at regular intervals.



sep _pesaipton

Select data

Structure

Clean

Enrich

*Data lake

*Data

governance

Validate

The required data records are identified in different data sources. When selecting data, a record is evaluated by its value [ if there is added value, the availability and terms of use

of the data and subsequent data from this data source are checked

In most cases, there is little or no structure in the data [ change the structure of the data for easier accessibility.

Almost every dataset contains some outliers that can skew the analysis results [1 the data are extensively cleaned for better analysis (processing of null values, removing duplicates and
special characters, and standardization of the formatting to improve data consistency)
The data needs to be enriched - an inventory of the data set and a strategy for improving it by adding additional data should be carried out. The data set is enriched with various
metadata:
v Schematic metadata provide basic information about the processing and ingestion of data [1 the data wrangler analyzes / parses data records according to an existing
schema.
« Conversation metadata are exchanged between accessing instances with the idea to document information obtained during the processing or analysis of these data for
subsequent users.

The recognized peculiarities/ features of a data set can be saved.

The physical transfer of data in the data lake. Although data are prepared using metadata, the record is not pre-processed.
The goal is to avoid a data swamp [1 estimate the value of the data and decide on their lifespan depending on the data quality and its interconnectedness with the rest of the DB.
Analyzes are not performed directly in the data lake, but only on the relevant data. To be able to use the data, the requester needs the appropriate access rights [1 Data Wrangler

performs data extraction, however, general viewing and exploration of the data should be possible directly in the data lake.

The contents of the data lake, technologies and hardware used are subject to change [J an audit is required to take care of the care and maintenance of the data lake. The main

principles / guidelines and measures that regulates data maintenance coordinating all processes in the data lake and responsibilities are defined

the data are checked one more time before they are integrated into the target CRIS to identify problems with the data quality and consistency of the data, or to confirm that the
transformation has been successful.
Verify that the values of the attribute are correct and conform to the syntactic and distribution constraints, thus ensuring high data quality AND document every change so that

older versions can be restored, or history of changes can be viewed. If new data are generated during data analysis in CRIS, it can be re-included in Data Lake**

**New data go through the data wrangling process, starting with the step 2 of data validating and structuring the data.

At the end of this process, research information can be used by analytical applications and protected from unauthorized access by access control



USE-CASE

Author ID: 25410

Author ID: 25410 Eirst Name: John
Data source #1 First Name: John '
Last Name: Smith Last Name: Smith
25410 Date of Birth: 1965.01.18 Date of Birth: 1965-01-18
Input data from |, jggdohn Smith selected data ——>|ORCID: 000-0007-0212-2108/—> structured data > <o Jaon ' 02122108
source file 100 South Market § Number: 100 Street: énuth Market Street
100 South Market Street Street: South Market Street reet.
Orlando, FL _ City: San Jose
’ City: Orlando )
19650118 Stare: FL State: CA

Zip: 95113

+ Data formatting

« Correction of incorrect data (e.g. address data)



USE-CASE

Data source #2

25410

John R Smith
000-0007-0212-2108

100 South Market Street
San Jose,CA

95113

19650118
smith@tdt.com

615 875-0021

Data Quality in Database
2018

Author ID: 25410
Pre-Mame: Mr.

First Name: John

Last Name: Smith

Date of Birth: 1965-01-18
ORCID: 000-0007-0212-2108
Number: 100

Street: S. Market S.

City: San Jose

State: CA

Zip: 95113

+ Normalization and standardization (e.g. phone numbers, titles, etc.)
+ Structuring (e.g. separation of names into titles, first and last names, etc.)

+ Identification and cleaning of duplicates

Author ID: 25410
Pre-Name: Mr.

First Name: John

Middle Name: R

Last Name: Smith

Date of Birth: 1965-01-18
ORCID: 000-0007-0212-2108
Number: 100

Street: South Market Street
City: San Jose

State: CA

Zip Code: 95113

Author ID: 25410
Pre-name: Mr.

First Name: John

Middle Name: R

Last Name: Smith

Date of Birth: 1965-01-18
ORCID: 000-0007-0212-2108
Number: 100

Street: South Market Street
City: San Jose

State: CA

Zip Code: 95113

Longitude: 28.538336
Latitude: -81.379234

Email: smith@tdt.com
Phone: (615) 875-0021

Email: smith@tdt.com
Phone: (615) 875-0021
P_Title: Data Quality in Database
P_Year: 2018

P_Year: 2018

CRIS

DATA LAKE

P_Title: Data Quality in Database




USE-CASE: TRIFACTA FOR DATA WRANGLING

PUBLICATIONS DATA XLSX/ » i
Publikationsdaten aus WoS.xIsx/Publikationsliste = 2 v —

Q Run Job

Search Transfor O X

(%

e = R B == =T - — e - = gese N =
HE e o~y B R B A-B B FlEs({} T ZI-A ©oF Q|0 |- o 4 3= »
# AUTHORID v  RBC FIRSTNAME v RBC LASTNAME v S GENDER v @ DATE OF BIRTH v RBC ORCID v RBC Q  Search...
oo —_ | ] T e e L e S, o
o0
thlll ||I||III ll ||IIIIIIIIIIIIIIIIIIIIIIIIIIIIIII Il || H|||||||| |||““||||||“ |II —
& 1111} T[] —— EREC ) 3 " _
\:> 74-10527k 163 Categories 253 Categories 2 Categories 1947 - 1985 429 Categories 28Ca cale to min max
6126 CH GEISLER M 1/38/1961 3652-4587-4458-000 Scale a column to a specific min max range
6126 J PEDERSENBJERGAARD M 12/11/1966 3652-4587-4458-801
6126 J PEDERSENBJERGAARD M 2/2/1969 3652-4587-4458-202 One hot encode
6922 3652-4587-4458-803 Create a column for each unique value indicating its presence or absence
8361 3652-4587-4458-004
Scale to mean
6203 Xian-liang Wu M 1987 3652-4587~-4458-805 10. S | . d
al ) 2 an an it
6203 Xian-liang Wy M 1987 N A i i
6203 Zhi-xiang Huang M 11/17/1985 3652-4587-4458-867  18.  Bin column
6203 Zhi-xiang Huang M 11/17/1985 3652-4587-4458-008 10. Bin values into ranges of equal or custom size
8388 3652-4587-4458-009
8388 G FABRIS M 6/11/1947 3652-4587-4458-810 New formula
8¢ 8 MILLER M 4/12/1954 3652-4587-4458-811 Create a new column from the result of a formula
830 B MILLER M 4/12/1954 3652-4587-4458-0812
7734 R ENDO v 1965 3652-4587-4458-813 Edit with formula
7734 R ENDO M 1855 Set one or more columns to the result of a formula
74 F NICOLAS M $5/38/1961 )
4767 SA SOLIN F 5/31/1961 Window
4767 G BAI M 6/1/1961 Perform calculations across multiple ordered rows
4767 ER NEBER M 6/2/1961
7773 Schema
933 Change column type
233 R ROTH M 6/5/1961 % sosan
Change the data type of a column
7187
7197 Delete columns
7107 Delete one or more columns
7187 CM L13o M 6/9/1961
3331 A ROMINES M 6/18/1961 Move columns
3331 A ROMINES M 6/11/1961 3652-4587-4458-827 Move one or more columns before or after another column
3363 6/12/1961 3652-4587-4458-028
3363 WD BOOTH M 6/13/1961 3652-4587-4458-029 Rename columns
3363 TR COOPER F 6/14/1961 3652-4587-4458-630 Rename one or more columns
@ 3363 TR COOPER F 6/15/71961 3652-4587-4458-831 R ith patt
Stephanie Sutton M 6/16/1961 e i s

&

©

9 Columns

5681

550 Rows

5 Data Types

3652-4587-4458-832

Rename columns using a patten

Rename with prefix



CONCLUSIONS

+ As the volume of research information and data sources increases, the prerequisite for data to be complete, findable, comprehensively accessible,
Interoperable, reusable (compliant with FAIR principles), but also securely stored, structured, and networked in order to be useful remain critical but

at the same time become more difficult to fulfill = data wrangling can be seen a valuable asset in ensuring this.

+/ The goal is to counteract the growing number of data silos that isolate data from different areas of the organization. Once successfully

Implemented, data can be retrieved, managed and made available and accessible to everyone within the entity.

Vv A data lake and data wrangling can be implemented to improve and simplify IT infrastructure and architecture, governance and compliance.
They provide valuable support for predictive analytics and self-service analysis by making it easier and faster to access large amount of data from

multiple sources.

v The proper organization of the data lake makes it easier to find the data the user needs. Managing the data that have already been pre-processed
results in an increased efficiency and cost saving, as preparing data for their further use is the most resource-consuming part of data analysis.

v/ By providing pre-processed data, users with limited or no experience in data preparation (low level of data literacy) can be supported and analyzes
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can be carried out faster and more accurately.
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QUESTIONS?

For more information, see ResearchGate,

anastasijanikiforova.com

For questions or any queries, contact me via

Nikiforova.Anastasija@gmail.com,
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