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Why Machine Learning for MDM
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Why Machine Learning for Master Data Management

Labor Cost Reduction: Can we automate repetitive clerical tasks by putting ML into MDM?

Deeper Insights: Can we better discover hidden relationships?
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Why Machine Learning for Master Data Management — Part 2

Intelligent Matching for Product Master Data: Can we combine techniques from NLP, clustering and ML to
build best in breed product matching?

Smart Data Loading: Can we auto-discover, auto-classify and auto-map data on ingest to MDM making

/

data loading seamless?
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Use Cases
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Goal is to improve user efficiency by Task #3433: Potential Linkage

ML PME

aUtOmatlng Stewardsl"“p US|ng MaCh|ne CONFIDENCE SCORE ID NAME DOB LOCATION

Source EDW:5555741300 NEIL MARTIN PATEL 1934-02-12 46 FARRINGDON CRESC, Los

Learning.

Suspected Duplicates — Are these the same as the person above?

Yes v 0 89.5% 16,68 MKTG:5555741300 MARK MARTIN TURNER  1934-02-12 46 FARRINGDON CRESC, Los
1. Learn from task resolution history to auto-
Select... v O 51.7% 6.92 MKTG:5555741301 MARK TURNER 1934-02-12 46 FARRINGDON CRESC, Los
classify future potential duplicates e v @mesw  7es  wKTeAssa

— P rototy p e IBM MDM Governance Center

2. Active learning of similar tasks

Tasks processed by data stewards

—  "Give me more like this’
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ML for MDM Express

« MDM Express should not require deep

IBM MDM Express

skills. | > > Weights

« Matching algorithm configuration out of the Weights
box supposed to work globally.

Standard Weights ML Trained Weights
« Might not be perfect for all data sets. Address 595 423
_ _ _ _ Name 5.50 323
« Should only require lightweight stewardship
DOB 543 7.34
SSN 6.14 823
Gender 0.30 0.41

= Self-tuning of matching weights and
thresholds required based on ML
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Implementation
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Steward decisions
retrieved from
mpi_entrule_{type}
table

Enriched with
detailed scores using
mpimcomp utility

Resolution history
from MDM SE clients
with >1 million
records

Training Data
Features: XNM, AXP,
SSN, DOB, SEX,
FPF2
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Input for Machine Learning

MEMRECNO,MEMRECNO2 , CAUDTIME,MAUDTIME,RULETYPE,XNM, AXP,SSN,DOB, SEX, FPF2,0VERALL_CMPSCORE

29955364 ,45928598,2015-01-02 08:
33087603,45928598,2015-01-02 08:
32192384,45928598,2015-01-02 08:
30214332,46274721,2015-01-02 08:

2.00,12.4

46274721,46331036,2015-01-02 08:
08:10:07,S,+8.27,+4.71,+5.01,+4.
30214332,46331062,2015-01-02 08:

2.00,15.7

46220762,46315567,2015-01-02 09:

6.00,11.5
25754083,46264503,2015-01-02 15
25754083,46262360,2015-01-02 15
2.00,12.4
25754083,36498439,2015-01-02 15
2.00,16.0
46262360,46264503,2015-01-02 15
36532201,46264503,2015-01-02 15

36532201,46262360,2015-01-02 15
36498439,46264503,2015-01-02 15
36498439,46262360,2015-01-02 15

07:44,2015-01-02 08:07:44,S,+0.
07:44,2015-01-02 08:
07:44,2015-01-02 08:
10:07,2015-01-02 08:

10:07,2015-01-02
55,+0.26,+0.00,22.8

10:07,2015-01-02 08:
35:55,2015-01-02 09:

:32:23,2015-01-02 15:
132:23,2015-01-02 15:

132:23,2015-01-02 15:

:32:23,2015-01-02 15:
132:23,2015-01-02

15:32:23,S,+48.27,+4.71,+5.01,+4.
:32:23,2015-01-02 15:
:32:23,2015-01-02 15:
132:23,2015-01-02

15:32:23,S,+48.27,+4.71,+5.01,+4.

53,+0.35,+0.00,22.8

53,+0.35,+0.00,22.8

07
07

10:

:44,5,+0.
:44,5,+0.
07,S5,+8.

:07,S,+8.
:55,D,+8.

:23,D,+2.
:23,S,+48.

:23,S,+48.

:23,D,+2.

:23,D,+2.
:23,D,+2.

66,+0.
66,+0.
66,+3.
27,+1.

13,+0.
13,+0.
20,+0.
33,+0.

00,+4.47,+0.
00,+4.47,+0.
00,+4.47,+0.
00,+4.55,+0.




Exploration of Many Machine Learning Algorithms & Results

Evaluated multiple classifiers

« Random forest showed best results

Skewed Matching Data
* 80% same, 20% different
« Evaluated different sampling methods

Results of tuned model using oversampling

« Accuracy = 0.94
* Precision =0.94
e Recall =0.94

Used 80% of randomly selected data to train model

Used remaining 20% to verify ML results
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Metrics Comparison: Accuracy

BN Accuracy
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Classifier

Random Forest
Decision Tree
Nearest Neighbors
Naive Bayes
Logistic Regression
Gradient Boosting
Neural Net

Quadratic Discriminant Analysis



Precision & Recall for Same / Different Match Results across ML Algorithms

Precision/Recall for Same and Different Classes, RandomOverSampling
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Prototype Using Spark Engine for Machine Learning

Model Training

IBM Cloud
Spark Engine
. input L output )
Training Data |« Spark Application > Model File

Prototype

IBM Fyre Instance

WAS Full Profile WAS Liberty Spark Engine
MDM < REACT App » REST App > Model File
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Learning Curve using Cross-Entropy
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Run Demo
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1) Run with ML for a while

2) Once results are trusted, all clericals above ML confidence threshold get
auto-collapsed

IBM MDM Governance Center John Steward

>

Report

Tasks processed by datastewards
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Benefits of using ML for Data Stewardship (Mockup Report)

IBM MDM Governance Center John Steward

Tasks processed per month

Jan Feb Mrz Apr Ma Jun Ju Aug Sep Okt Nov Dez

e Data Steward ML
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Thank you
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