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Agenda

 Granular Big Data Analytics Opportunity

 Pattern-Based Graphical Modeling

 Academic Example  & Real-world Applications

 Anomaly Detection in Cellular Nets

 Learning Mobility Patterns 

 Predictive maintenance (vehicle battery) 

 Suspect Tracking 

 User-Oriented Cyber Security

 Demand Sensing & Inventory Control

 e-Commerce analysis

 Q&A
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Granular “High Resolution” Analytics 

http://www.google.co.il/url?sa=i&source=images&cd=&cad=rja&docid=j5V559nyv7iROM&tbnid=dSQgQRzti1PD2M:&ved=0CAgQjRwwAA&url=http://www.quidco.com/blog/6-necessities-for-england-football-fans-this-summer/&ei=NoQ1UuCEHOLy4QTB64GQCg&psig=AFQjCNF5JZL93AqB4XMWdgumg0jUSsthWQ&ust=1379325366501011
http://www.google.co.il/url?sa=i&source=images&cd=&cad=rja&docid=j5V559nyv7iROM&tbnid=dSQgQRzti1PD2M:&ved=0CAgQjRwwAA&url=http://www.quidco.com/blog/6-necessities-for-england-football-fans-this-summer/&ei=NoQ1UuCEHOLy4QTB64GQCg&psig=AFQjCNF5JZL93AqB4XMWdgumg0jUSsthWQ&ust=1379325366501011
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Granularity vs. Segmentation 

Granularity 

GAP= 
Opportunity!

Singles

Hipsters

Under 30
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Products  (8)

(e)Locations (6)

Week day (7)

Weather (5)

Customer 
types (6)

In this example:
4,294,967,296
potential patterns!!!

Sample pattern:
“On rainy Tuesdays
customer A look for 
service B via 
smartphone if he is 
in downtown”

C-B4 identifies 
the significant 
patterns and maps 
them into business 
opportunities. 

Hidden Patterns Example: Virtual & Smart TV
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Granular High-Resolution Analytics 

 Volume 

 Velocity 

 Variability

…… on Information Quality (Kenett and Shmueli 2013) 

Apply to the principles to BD modeling!
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h l l m m
l h m h l

m m h m l
h l m l l
m h l h h 
l m h m h 

DataInstated of library of statistical models

Pattern-Based Monitoring & Predictions per entity

Cellular {ID}+Location {A}+Time slot {Noon} Service request {A}  Anomaly {True} Priority {High}

IP {#136.55.65.02}+Time {Sunday noon}+View {Page A}  Alert {True}, Probability{>0.8}

SP user {Type A} + TV Program B {Low rate} + Promotion {True} + Weather {Rain}  Program C {High} > 0.8

Week Day

User TypeLast call

User Type

Call Time 

Weather

Traffic

Cel. Type

Location

DCR

Data Compression Graphical models 
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BN Generalization [Ben-Gal I., et al, ~ 5 publications & patents] 

))P(X)P(X)P(X)P(XP(X)XP(X 543215 1

)X|)P(X)P(XX|)P(XX|)P(XP(X)XP(X 354133215 1

X1 X2 X3 X4 X5

? )X X X X P(X 54321  Joint distribution of a sequence of RV

X1 X2 X3 X4 X5
BN Tree: Direct dependencies

Independent: marginal distributions 

X1 X2 X3 X4 X5 Markov Model: fixed-order dependency

)X|)P(XX|)P(XX|)P(XX|)P(XP(X)XP(X 4534231215 1

The model can be further  generalized to VOBN
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A B C D E

VOBN Model (inhomogeneous & state-dependent net of variable-order trees)

Zoom in

Input data: 5 Products, 3 levels of sales {Low, Medium, High} 

L

P(E|D) 

P(E) 

P(E|C,D) 

M H

L M H

P(D) 

P(B|D) 
L

P(B) 

M H L

P(C|A) 

P(C) 

M HL

P(A|B) 

P(A) 

M H

Note: extension of BN & DTs 
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Promoter     Coding sequence

mRNA

(transcription(
Transcription 

Factor Binding Site
(TFBS)

-35 -10

|6| |6|

The goal (#1): identify TFBS in E.coli

DNA

TFBS Identification (Ben-Gal et al., Bioinformatics 2005)



Training Training

Classifier

TFBS 

model

Non-TFBS 

model

A C T T G T A C

TFBS or not? 

A A T G G C A C

C C A G A C T T

A C G C A T T G

T

A

T

G

G

C

A C

CC

A

G

A

C

T

TA C

G

C

A

T

TG

 

“TFBS” “Non-TFBS”

|   TFBS
log

|   non-TFBS

likelihood sequence is

likelihood sequence is

 
 
 

TFBS data non-TFBS 

data

TFBS 

model

Non-TFBS 

model

TFBS Identification 
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TFBS Identification (Ben-Gal et al., Bioinformatics 2005)



27

Academic Example (Ben-Gal et al., 2005)
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Fixed specificity (TN rate) = 99.9%,  Std. error  = 0.01%

Sensitivity: 47.8%

Academic Example 2 (Ben-Gal et al., Bioinformatics 2005)
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TP 
(for TN=99.9%)

43.5%PWM/Markov(2)

47.8%VOBN models

+4.3%Overall Improvement

E. Coli Genome (~ 4000 genes)  + 172 potential TFBS

Human Genome (~25,000 genes)  + 1075 suspected TFBS

Academic Example 2 (Ben-Gal et al., Bioinformatics 2005)
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Learning Mobility Patterns (LMP)

 Analyzing Mobility Patterns in city 
areas

 Using massive data sets

 Privacy-preserving methods

 Funded by the Ministry of Science 
Infrastructure grant. 

 Join work with Dr. Eran Toch (TAU), 
Prof. Boaz Lerner (BGU).

31
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LMP: Modeling People & Places

32

Recognizing meaningful places, analyzing their use, and using 
probabilistic models to predict people behavior.
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A

B

C D
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Friday, 22:00
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Saturday, 03:00
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Saturday, 16:00
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Sunday, 09:00



39

Sunday, 19:00
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Sunday, 22:00



41

Monday, 08:00
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Conclusions up to now?



D

B

A

E

C

Semantic
Information
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LMP

4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2

## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ## ##

0 A A A A A A A A A F A A A A A A A A A A A A A A

1 A A A A A A A A A A A A A A A A A A A A A A A A A

2 A A A A A A A A A A A A A A A A A C A A A A A A A

3 A A A A A A A A A A A A A A A A C A A A A A A A A

4 A A A A A A A A A A A A A A A A A A A A A A A

5 A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A

6 A A A A A A C A A A A A A A A A A A E A A A C A A C A A A A A A A A A A A A A A A E A A A

7 C C A A A C A A A C A A A A A A A A A C A A A A A A A C A A A A A A G A A A A A A A C A C A

8 C A A C B B C A A C F A C C A A B B C A C B A B A B A C B A C C B C A A A A C C A A A C C A B C

9 C A A B B B B A A B B A B C A A B B B B A C B A B A B C B C B A B C B B A A C B A A A B B A A B B

10 B C A B B B B A A B B A B C A A B B B B A A B B A B A B B B B B A B B B B A B A C B B A

11 B B C A B B B B A A B B F B F A B B B B A B B B A B B B B B A B B B B A B B E B B B

12 B B C A B B B B F A B B B B A F B B B B F A B B A B B B B B A B B B B A B B A B B F A B

13 B B F B B B B A A B B B B A D B B B B A A B B B A B B B B B A B B B B A B B A F B B F D B B

14 B B F A B B B B A A B B B B F A D B B B A F B B B A B B B B B B B B B A B B D B B

15 B B A A B B B B A A B B B B F A A B B B B B A D B B B A B B B B B B B B B A B B A D B B A C B

16 B B A A B B B B E A B B B B F C A B B B B B A C B B B A B B B B B B B B A B B C F B B E B

17 B B A A B B B B E A B B B B A A A B B B B B A B B B A B B B B B A H B B B A A B B A E B B E

18 B B A A B B B C A A B B B B A A B B B B B B B B A B B B B B A A H B B A A A B B A E B B A E B B

19 C A A A B G B A A A B B G C C A A A B B C F A F C B A A C E A A A A H B C A A A A C B C A B A B B F B C

20 E A E A C C A A A B A A C A A A F A A F A A C F A A C C A A C C C C E A C E A A E A C A B

21 C A A A A A A A B A G A A A A A F A A A A A F A A A A A A A A C A A A A A G A A F A F A

22 A A A C A A C F A A G A A A A A A E A G A A A A A A A A A A A A C A A A A A A G A A
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5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2 3 4 5 6 7 1 2

### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ### ###

0 A A A A A A A A A G G A A A B C A A A A A A A A

1 A A A A A A A A A A A A A B C A A A A A A A A A

2 A A A A A A A A A A A A B A A A A A A A A A A

3 A A A A A A A A A A A A A A A A A A A A A A A A

4 A A A A A A A A A A A A A A A A A A A A A A A A

5 A A A A A A A A A A A A A A B A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A

6 A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A A

7 A A A A A A A A A A A A A A A A A A A A A A A A A A B A A A A B A A B C A A A A A A A A A A A A A A A A

8 B A A B B B B B A A A A A A A A B H B B A B B B A A E B B B A A B B B B A A A B A B B A B A B B B A B

9 B A A B B B B B A A A A A A A A B F B B A B B B B B B B B B B A A B B B B A A A B A B B B B A B B B A D B

10 B B A B B B B B A A A A A A A B F B B A B B B B B B B B B B A B B B B B A B A B B B B A B B B A H B

11 B B A B B B B B A A A A A A A B F B B B A B B B B B B B B B A B B B B B A B B B A B A B C B A D B

12 B B A B C B B B A A A A A A A C F B B B A B B B B B B B B B B A B B B B B A B A B B A B A B B C A D B

13 B A A B D B A B A C A A A A A A C F B B A A B B B A B B B B B A B B B A B A A A B B A B B C B B B A D B

14 B A A B D C A B A C A A A A A A F B B A A B A B A B A A B C A B B A B A B A A A B B B B A A B B A C A

15 A A A C D A A A A A A A B A A A C D B B A A A A B E A A A C A C A A B A A A C A B B B A B A A A A A C A

16 A A A C D A A A A A A B A A A C C B A A A A C A A A A A A A A A C A A A A A A C A B A A B A A A A A A A

17 A A A C A A A A A A C G A A A A A A C A C A A C A A A C A A A A A A C A A A A A B A A A A G A A A A A A G A

18 C A A C A A A C A A C A A A A C A C A C A A A G A C A A A A A A A A A A A B A A B A A A A A A C A A A

19 C A A C A A A C A A A C A A A A B A C A C A A A A A A A A A A A A A A A A A A B A A A A A A A A B C

20 B A A A A B A A A A A A A A A A C A A A A A A A A A A A A A A A A A A C A A A A A A A A A A B A

21 B C A A A C A A A A A A A A A A A C A A A A A A A A A A A A A A A A A A C A A A A A A A A A A C B A

22 A C A A A A C A A A A A C G A A A C A A A A A A A A A A A A A A A A A C A A A A A A A A A C C

23

 User 3470

 User 3465
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R / SPSS C-B4

Total Accuracy: 69.0% 77.8%

False Alarm: 30.3% 20.2%

False Positive 28.8% 18.5%

Churn Prediction 66.9% 74.1%

Engaged Prediction: 71.2% 81.5%

Gaining accuracy by 
using personalized 
granular modeling (per 
each user!)

Customers Churn (benchmarked vs. SPSS/R)
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LMP Algorithmic Infrastructure

1. Predicting 
personal and 
general mobility.

2. Automatically 
recognizing places, 
their function and 
activities. 

3. Modeling large-
scale social patterns 
through their 
mobility footprint. 

Predicting 

traffic jams 

before they 

start

Understanding urban land-

use, eg creating context-

aware mobile apps

Mobility for 

disease spread

Mobility patterns

in wars and crisis
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User Data

CDRs

Interactions

Others:

Output

 Call/SMS ratio
 Time/Holidays 
 Co-parties

Research: Suspects Tracking (leading Intl’ Security Company)

TBNL: Bayesian Network 

Network Data 
(No text /content Mining)

Requirement >50% Recall with 1% False 
Alarm at most
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User Data

CDRs

Interactions

Others:

Output

 Call/SMS ratio
 Time/Holidays 
 Co-parties

Research: Suspects Tracking (leading Intl’ Security Company)

Pattern Example:

Call/SMS ratio during the day
Suspects vs. Non-suspects



51

CBC performance: >90% Recall with 1% False Alarm at most
(significantly better than all other ML models 60% )

User Data

CDRs

Interactions

Others:

Output

 Call/SMS ratio
 Time/Holidays 
 Co-parties

Research: Suspects Activities (using C-B4 SW)

Suspects’
Distribution

Automated profiling  & classification (in natural language)– e.g.:
 “When In-coming call duration is low (0-29sec) and sms to call ratio is high (>23) and 

fixed, mail activity hour (23:00-02:30); then likelihood of being suspect  is high (>87%)”
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Cellular Net Usage Monitoring

Largest cellular company in Israel

Improved service Levels by 15% and saving millions of dollars 

 Early alerts
 Anomaly detection
 New demand/usage patterns
 Root cause analysis

Network data

User Data

Other Data:

 Weather
 Dates
 Promotions
 Location …..

Output
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Largest Cellular company in Israel

Early Alarm!

Predictive Maintenance and Usage Monitoring
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Largest Cellular company in Israel

Early Alarm!

Predictive Maintenance and Usage Monitoring
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Thank You


