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KEY GOAL & DEFINITIONS

Our goals is to be able to profile multi-structured textual datasets in the Data Lake
(DL) for identifying relationships and information overlaps between them using
information profiling techniques. This supports in effective data governance of DLs.

Data Lake: A repository for storing raw data in their original formats for Business
Intelligence purposes.

Multi-structured Datasets: A collection of differently structured datasets of instances
stored in a common structured / semi-structured schema (e.g. CSV, JSON, XML, etc.).

Information Profiling: Finding relationships between data items stored in different
multi-structured datasets using schema matching techniques and metadata
describing the datasets.
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THE APPROACH

We aim to improve the efficiency of the information profiling task by applying a

layered approach which encompasses increasing levels of computational complexity.
Each layer filters out non-necessary comparisons using specific metadata collected at
different levels of granularity.
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max(m;(d,),m;(d,))

D;: 1992_city_data Dup(D,D,) =1 D,: census_data Dup(D,05) =0 Dj: health_data

dist,.(d,d,) =

Al: salary {25k<A1<600k} Al: type {f,m} A1l: gender {female,male}

A2: age { 20<A2<97} A2: age { 0<A2<100} A2: Ethnicity {AS,AF,ER,LT}

— A3: family_Size { 2<A3<11} - A3: race {01,02,03,04} = A3: age { 30<A3<60} —

A4: identity {w,m,t} A4: Household { 0<Ad<16} A4: Temp { 35<A4<42}

AS: house_type {h,t,v,s,p,I} AS: income { 50k<A5<300k} AS: H_rate { 40<A5<160}

FUTURE WORK

EARLY PRUNING BASED ON
DATASETS META-FEATURES

We use supervised machine learning techniques to use meta-features describing the
datasets for predicting whether a pair is a possible candidate for:

1. Schema matching: the pair has related data items and information

2. De-duplication: the pair has identical data items and information
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ATTRIBUTES META-FEATURES
MATCHING

Nominal attributes

Numeric attributes

*  Number of distinct values *  Number of distinct values
* Percentage of missing values * Percentage of missing values
*  Value distribution percentage *  Min,Max,Avg,STDEV

* Range, Coefficient of variance

Nominal Attributes Average Meta-Features Distance Matching Numeric Attributes Average Meta-Features Distance

2 Matching

01 02 03 04 0s 06 07 08 09 01 02 03 04 0s 06 07 08 09
Distance Threshold Distance Threshold

——FRecall = Efficiency Gain ——Recall = Efficiency Gain
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