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Product Cannibalization
A Prototypical Marketing Science Problem
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Today’s Program

Motivation & Background

* Definitions
* Introductory Example

Representation

* Conceptual Framework: Bayesian Networks

* Probabilistic Reasoning

Learning, Estimation, and Inference

* Causal Reasoning?

* Unsupervised Learning

* Disjunctive Cause Criterion

* Assign Utilities

* Evaluate Policies

stefan.conrady@bayesia.us
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Motivation & Background

Definitions

* Typically, a new product adversely affects the sales of existing products:

* |f It affects your competitor’s products, it’s

LCO/IOUEST

* |f It affects your own products, it’s
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Motivation & Background

Introductory Example: 2000 BMW X5

* First SUV in the BMW product portfolio.

BayesialLab.com /



Motivation & Background

Introductory Example: New BMW X3 vs. Existing BMW X5

* New, smaller X3 launched in 2004

X3 X5

Product B Product A

BayesialL.ab.com 8
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Bayesian Network Representation

Conceptual Network Prloduct Blcausfes P(Sales,|Salesg)
ower sales o A
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Bayesian Network Representation

Obvious, as we encoded that

Inference as our domain knowledge
into the network.

* Computing the cannibalization effect C of Product B on Product A:

* C(B—A) =-0.3 (unit effect)

( N\

Existing Product A Existing Product A
Mean: 1.200 Dev: 0.748 Mean: 0.900 Dev: 0.831
Value: 1.200 Value: 0.900 (-0.300)
20.00% 0 40.00% 0
40.00% 1 30.00% 1
40.00% 2 30.00% 2
New Product B New Product B
Mean: 0.000 Dev: 0.000 Mean: 1.000 Dev: 0.000
Value: 0.000 Value: 1.000 (+1.000)
100.00% L 0 0.00% | 0
0.00% | 1 100.00% 1
0.00% | 2 0.00% | 2
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Bayesian Network Representation

Can"“ we AO
+his in Excel?

B C

Sales B

Sales A




Motivation & Background

Example: BMW Portfolio of “Utility-Type” Vehicles in 2018
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All products are cannibalizing each other!
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Bayesian Network Representation

A Fully Connected Network?
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Can we specify 1t? No.
Can we machine-learn it?

Perhaps.
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Learning & Estimating Cannibalization

Couldn'+ we
Jus-l— ask avto



Learning & Estimating Cannibalization

Understanding Cannibalization by Other Means?

* Trade-Ins
* New and old product not comparable "¢ ‘- A
* Auto Buyer Surveys (2" Choice)

* Respondents tend to exaggerate their
counterfactual choice (“I would have bought ZT 1>
the convertible, but we need the third row.”) O

* Choice Experiments

* Hypothetical choices are noncommittal

* Expensive to conduct

BayesialLab.com
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‘ Map of Analytic Modeling & Reasoning

Machine
Learning

Cannibalization:
A Causal Question!

Model Source

Description | Prediction Explanation Attribution

Simulation

Model Purpose | Causation |

Optimization

\ Association/Correlation |

BayesialL.ab.com



‘ Map of Analytic Modeling & Reasoning

Bayesian Networks
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~ Association/Correlation Model Purpose \ Causation
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Learning & Estimating Cannibalization
A Fictional Case Study



Learning & Estimating Cannibalization

Case Study Question:

* What is the cannibalization effect of B on A, C, and D?

BayesialLab.com



Learning & Estimating Cannibalization

Daily Sales Data

Objective: N\(\'\M

To machine-learn a

Bayesian network model
from the sales data.

BayesialL.ab.com
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A desktop software for:

encoding

learning

editing

performing inference
analyzing

simulating

optimizing

with Bayesian networks.

BayesialLab.com



|E| Data Import

Encoding Options
[ semicolon  [] Comma Title Line

UTF-8 o
[Ispace [ Other [[] End of Line Character

Missing Values Filtered Values O as a Unigue One

0 Consider Different Consecutive

Fv as a Unique One

NfA
[[] Double Quote as String Delimiters
Learning/Te [ single Quote as String Delimiters

[ Transpose

Finish

Data Import Wizard
e




@ Data Import

Action Information

() Not Distributed Columns with Missing Values Number of Rows 5001/ | 100.00%
~ istribute .00%
() Discrete All not Distributed Not Distributed L
0.00%

Continuous All Discrete

() Weight All Continuous 0.00%

Learning/Test Missing Values 0.00%

1}
0
4| | 100.00%
[t}
1}
0

~ = Filtered Values
(O Row Identifier

Previous Finish

Variable Type Definition
e




|E| Data Import

Maximum
Minimum
Threshold Value
Previous

Density Function

1500 2000 2500 3000 00 4000 4500 5000

lect All Continuous lect All Discrete

Previous Finish

Discretization
Ol
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Metwork Data Edit View Learning Inference Tools Window Help
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|E| Bayesialab - Associated graph 2.xbl

Metwork Data Edit View Learning Inference Tools Window Help

DO&ES: X0

1 Associated graph 2.xbl %

Missing Values Processing

Stratification
Discretization

Binarization

Generate Mode Values

Linearize Node Values
Generate Prior Samples
Parameter Estimation

Uy ised Structural L

KO0 @2=0sMORER HOO®OQOO\EHOT

oo

P

Supervised Learning
Data Perturbation
Clustering

Learn Static Policy

Maximum Spanning Tree
Taboo

EQ

SopLEQ

Taboo Order

Unsupervised Learning Using the EQ Algorithm
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|E| Bayesialab - Associated graph 2.xbl

Metwork Data Edit View Learning Inference Analysis Monitor Tools Window Help

DOES XDREaArR PLLEZLVO @20 RMNOREAN |HOOCOE NEHON APLLPaEXR[F%VvE

" Associated graph 2.xbl *

How can we use this network to calculate
the causal effect of B on A, C, and D?

Joint Probability: 100.00%
Logloss: 0

Cases: 5,001

Total Value: 31.458

Mean Value: 7.865

Counterintuitive
arc directions!

Final Network

A
Mean: 7.870 Dev. 2524
Value: 70

9.34%
2020%
29861%
2567%
14.98%

VoA A MAA

-

’ IIII.
-
oo

Wean: 5.270 Dev: 3.624

Value: 5270
12.00%
2161%
3130%
26 46%
5.62%

Vv oA A NMNA
= I

C
Mean: §.759 Dev: 2516
Value: 5759

18.22%
2707%
3037%
17.86%

6.48%

-

| i

Wean: 9.560 Dev: 2.253

Value: 9560
562%
2291%
34 35%
2501%
9.10%
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Disjunctive Cause Criterion

""S» NIH Public Access

%@8 Author Manuscript

P reps®

> Published in final edited form as:
= Biometrics. 2011 December ; 67(4): 1406-1413. doi:10.1111/j.1541-0420.2011.01619.x.
5
>
z A new criterion for confounder selection
g
= Tyler J. VanderWeele and
= Departments of Epidemiology and Biostatistics, Harvard School of Public Health 677 Huntington
) gy g
g Avenue, Boston, MA 02115, Phone: 617-432-7855; Fax: 617-4321884
8 llya Shpitser
5 Department of Epidemiology, Harvard School of Public Health 677 Huntington Avenue, Boston,
~—

MA 02115

Tyler J. VanderWeele: tvanderw@hsph.harvard.edu

Abstract

We propose a new criterion for confounder selection when the underlying causal structure is
= unknown and only limited knowledge is available. We assume all covariates being considered are
ot pretreatment variables and that for each covariate it is known (i) whether the covariate is a cause
'IU of treatment, and (ii) whether the covariate is a cause of the outcome. The causal relationships the
. p = covariates have with one another is assumed unknown. We propose that control be made for any
B ayes la I_a b . ? covariate that is either a cause of treatment or of the outcome or both. We show that irrespective of 3 ]_

— the actual underlvine causal structure. if anv subset of the observed covariates suffices to control



Disjunctive Cause Criterion

VanderWeele and Shpitser (2011)

Cannibalized Product
* “We propose that control be made for any [pre-treatment]

covariate that is either a cause of treatment or of the outcome
Confounder

or both.”
Cannibalizing Product
_/

A
Impl ntation in Bayesialab:
Likeli?fozml\;atching on Confounders in lMP URIANI ASSUMP NUNS
Direct Effects Analysis
=» Causal Effect, i.e., the Cannibalization Rate NO UNUBSERVED CUNFOUNDERS

BayesialLab.com



‘ Map of Analytic Modeling & Reasoning

Machine
Learning

Cannibalization:
A Causal Question!

)
o
S
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(Vp)
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Confounders

Description | Prediction Explanation | Simulation | Attribution |Optimization

Model Purpose | Causation

 Association/Correlation
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Metwork Data Edit View Learning Inference Analysis Menitor Tools Window Help
DOGEe XPDharmrH PRALPELNVY 220 NOREAN HOOSOE NHOT APLLAuERF%VHE
7 Associated graph 2.xbl ﬁ@[ﬁ
Joint Probability: 100.00%
Logloss: 0
Cases: 5,001
Total Value: 31.458
Mean Value: 7.865 a
A o
We need to define confounders and
non-confounders. By default, all
nodes are confounders.
B D
Final Network
% = @ |o:0| O 4 B
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[£#] Bayesial ab - Associated graph 2.xbl - m} x

Metwork Data Edit View Learning Inference Analysis Monitor Tools Window Help

DOEe XDhsamas Visual 220 FBNOREHAF | LOOCQOE\NEON PLLuExF%viE
¥

A e e Report Relationship Ctrl+R | Iili\é

Target ¥ Relationship with Target Node R Joint Probability: 100.00%
. . . Log-oss: O

Evidence Shift+R Posterior Mean Analysis Cases: 5,001

Target Optimization . . Total value: 31.458

Information Total Effects on Target Shift+T Mean Value; 7.355

Network Performance

Function Optimization

Direct Effects on Target

A
Contributions Mean: 7.870 Dav. 2.524
Walue: 7.
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iNetwcrIr. Data Edit View Learning Inference Analysis Monitor Tools Window Help

DOES XDREaArR PLLEZLVO @20 RMNOREAN |HOOCOE NEHON APLLPaEXR[F%VvE

1 Associated graph 2:xbl * =& [
Joint Probability: 100.00%:
Log-oss: O
Cases: 5,001
Total value: 31.458
Mean Value: 7.865 ]
A
Mean: 7.870 Dav. 2.524
Walue: 7.870
9.34% <=4
20.20% ==
/— Yl 29 61% ==
[ ©\ » ) 2567% <=10
N/} 14.95% >10
A [£#] Direct Effects on Target (Assaciated graph 2) — [m| * B
Mean: 5.270 Dev. 3.624
Analysis Context Value: 5.270
Mo Observation 12.00% ==0
2161% <=3
= 31.30% <=6
Direct Eﬁect-s on Target A i 96 46% =10
Node Va"'::!‘;;ea" %‘I*’m']gtﬂgﬁ';f:‘l’ Direct Effect | Contribution| Elasticity 8.62% =10
B 52605 06983 -0.4262| 100.0000% |-71.4004% |
C
\Melan: %E,.r%% Deav. 2518
-mc\ose Save As... Print Quadrants dalue: o.
18.22% <=6
’ 27.07% <=8
v -~ 3037% ==10
( )‘ { ) 17.86% <=12
5.48% =12
N4 N~ i )
B D D
Mean: 9.560 Dev. 2.253
Value: 9.560
5.62% <=5
22.91% <=8
. 34.35% ==10
25.01% ==12
Irec ecto on 5.10% 12
(" [1:0] O e B ||
." mnssocia... |®




iNetwcrIr Data Edit View Learning Inference Analysis Monitor Tools Window Help

DOES XDREaArR PLLEZLVO @20 RMNOREAN |HOOCOE NEHON APLLPaEXR[F%VvE

" Associated graph 2xbl * =& [
Joint Probability: 100.00%:
Log-oss: O
Cases: 5,001
Total value: 31.458
Mean Value: 7.865 ]
A
IMean: ? 8?0 Dayv, 2524
Walue: 7
9.34% <=4
20.20% <=6
Vel 7 — 29.61% <=
() P @) 2567% <=10
N — 14.95% >10
A Cc |E| Direct Effects on Target (Associated graph 2) [2] — O * B
Mean: 5 2?0 Dev. 3.624
Analysis Context Value: 5
Mo Observation .00% <=0
61% <=3
Direct Effects on Target C ﬁggz Z?U
Node|,, PTIoF | Siandardzed| birect Effect| Contribution | Elasticity 62% =10
B 52695 -0.5990 -0.4132| 100.0000% |-60.1659%
o
Mean: 8 ?59 Deav. 2518
Save As... Print Quadrants Value: 8
22% ==
v 79
7 =~ 30.37% <=10
( )‘ { ) 17.86% <=12
6.48% =12
N4 N/
B D D
Mean: 9 560 Dev. 2.253
Value: 9
8.62% <=6
2291% <=8
. 34.35% <=10
25.01% ==12
Irec ecto on 5.10% 12
"= 2 [1:0] O 4 B
." m Assodia...




iNetwcrIr Data Edit View Learning Inference Analysis Monitor Tools Window Help

DOES XDREaArR PLLEZLVO @20 RMNOREAN |HOOCOE NEHON APLLPaEXR[F%VvE

" Associated graph 2xbl * =& [
Joint Probability: 100.00%:
Log-oss: O
Cases: 5,001
Total value: 31.458
Mean Value: 7.865 ]
A
IMean: ? 8?0 Dayv, 2524
Walue: 7
9.34% <=4
20.20% <=6
Vel Vel 29.61% <=
. ) P ) 25.67% <=10
N 4 P 14.95% >10
:
‘\ c |E| Direct Effects on Target (Associated graph 2) [3] — ] b E,.lean 5 2?0 Dev 3 624
_ Value: 5
Analysis Context D 00% <=0
No Observation 61% =3
30% =B
Direct Effects on Target D gggia <?SU
Node Va"':;‘:ea" f]'l"rg;“g'ﬁ'::‘: Direct Effect | Contribution | Elasticity " g
B 52695 -0.3654 -02270( 100.0000% |-34.4029% o
IMean: 8 ?59 Deav. 2518
- Walue: 8
Save As... Print Quadrants B 909 «=f
’ 7.07% <=8
v —_~ 3037% ==10
( )‘ { ) 17.86% <=12
N/ 2 /, 6.48% >12
B D D
Mean: 9 560 Dev. 2.253
Value: 9
8.62% ==6
22.91% <=8
. 34.35% <=10
25.01% ==12
Irec ecto on 2.10% 12
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|E| Bayesialab - C\Users\sconrady\OneDrive - Bayesia USA\Studies\Cannibalization\Associated graph 2.xbl m} *
Metwork Data Edit View Learning Inference Tools Window Help
DoREe shbhama PRLPEUINVY @=0rMORER OO QOEANNESD
-] E=nhca
[£#] Mode Editor X
Node Selection: B VH Rename
States Probability Distribution ' properties  Classes Values State Names Reference Stste Filtered State  Comment
Probabilistic Deterministic Tree Equation
Product Policy <=0 <=3 <=6 <=10 =10
No B 100.000| 0.000| 0.000| 0.000| 0.000
B 12.239] 21.575] 31.072 35.433 8.681]
| Complete | | Normalize | | Randomize |
[ocT
7
S
Product Policy
N | O [1:0] OF dbe

@[] Assoca... |




|E| Bayesialab - C\Users\sconrady\OneDrive - Bayesia USA\Studies\Cannibalization\Associated graph 2.xbl

Metwork Data Edit View Learning Inference Tools Window Help

DoREe shbhama PRLPEUINVY @=0rMORER OO QOEANNESD
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Adding Utility Nodes

[24] Mode Editor

Node Selection: |UB ~ ‘ | Rename

Values Properties Classes Comment
Utility Eguation

Equation Type: Deterministic Probabilistic

[Pug? =
87272

Please validate formula!

Samples: Smoothing: I:I [] Fixed Seed:

31[3] | validate |

Discrete Proba Distributions | |UB Domain: [0.0, 18.0]
Continuous Proba Distributions

Spedal Functions

Arithmethic Functions

Transformation Functions

Conversion Functions

Trigonometric Functions

Relational Operators

Boolean Operataors v

N ==

)

[1:0] OF dbe

@[] Assoca... |




|E| Bayesialab - C\Users\sconrady\OneDrive - Bayesia USA\Studies\Cannibalization\Associated graph 2.xhbl - m} x
Metwork Data Edit View Learning Inference Analysis Monitor Tools Window Help
DOES XDREaArR PLLEZLVO @20 RMNOREAN |HOOCOE NEHON APLLPaEXR[F%VvE
1 Associated graph 2xbl * ':'_I_E:‘;I \é
Joint Probability: 50.00%
Logloss: 1
Total Value: 31,451
Mean Value: 7.863 A
A )
Mean: 7523 Dev: 3.354 Product Policy
‘alue: 7.870
9.34% <=4 0.00% MNo B
20.20% <=f 100.00% B
29.81% <=8
—_ — 2567T% <=10
<>< 2 N/ \) > < > 14 98% >10 "
\ /
\ — B u.ggsi 13.438
Mean: 5.052 Dev: 3.897 28431 0.285 161.684
UA c uc Value: 5262 J
12.24% ==
21.58% ==3
31.07% <=6 us
26.43% ==10 5063
8.68% >10 zgﬁgg?ims 161 284
C
\r\;lelan:_ %[%25’% Dev: 3.287 uc
Product Polic 18229 =
27 07% <=8 Q.QSTE-E};S 59.786
3037% <=10 28431 .20 161.684 ]
17.86% ==12
6.48% =12
— — upo
o
<>< { } H@)—}( > D 14Der 2761 17.4?1509;85 74732
ean: (=" L
N~ \= Value: 9,560 28431 161884 |
8.62% <=6
UB B D (§]»] 22.91% <=8 . 0 T}
34.35% <=10 PO| |Cy B :
2501% ==12
9.10% =12 i+ —
) ¥ Utilities=90.285
Comparing Policies “B” vs. “No B”
[
(" [0:0] OF dbe
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|E| Bayesialab - C\Users\sconrady\OneDrive - Bayesia USA\Studies\Cannibalization\Associated graph 2.xhbl - m} x

Metwork Data Edit View Learning Inference Analysis Monitor Tools Window Help

DOES XDREaArR PLLEZLVO @20 RMNOREAN |HOOCOE NEHON APLLPaEXR[F%VvE

1 Associated graph 2xbl * = [P \é
Joint Probability: 50.00%
Logloss: 1
T:?al:'s:lue: 30.028
Mean Value: 7.507 ]
A '
Mean: 10,280 Dev: 2 926 Product Policy
Value: 9841 (+1.972)
0.33% <=4 100.00% " No B
4 58% <=6 0.00% B
19.61% <=§
— — 33.66% <=10
<>< 2 N/ \) > < > 4182% >10 "
\ /
\ — B 0.993 13.438
Mean: 0.000 Dev: 0.000 28431 321 161.884
UA (o4 uc Value: 0.000 (-5.263) )
100.00% <=0
0.00% <=3
0.00% <=6 uB
0.00% <=10
u.uuu| 0.000 13.929
0.00% =10 78 431 .321 161.884
C
Vi 9580 397 e
P alue: +
Product Polic 5 729 “=f 5 957 . S
14.22% <=8 28431 & 161,884
34 47% <=10 : . : )
3072% <=12
14 87% =12
pus —~ uD
<>< { } N @) ' : > Hean 9728 Dev. 2793 At ::1321 re.qse
N = Value: 10.030 (+0.470) el : Uikl )
5.07% ® <=8
UB B D uUD 18.63% <=8 : “ ”
34 80% <=0 Policy “No B":
27.78% <=12
13.73% =12 1li1#: —
) 3 Utilities=98.321
Comparing Policies “B” vs. “No B”
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Webinar Series: Friday at 1 p.m. (Central)

Upcoming Webinars:

* March 30  Good Friday — No Webinar
° April 6 t.b.d.
° April 13 t.b.d.

Register here: bayesia.com/events

stefan.conrady@bayesia.us 44
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BayesialLab Software Bayesian Networks User Guide & Library User Forum BayesialLab Store Courses & Events Learning Resources News Feed About

2018 Event Calendar

Professional Courses April 11-13, 2018: Sydney

Introductory Bayesial.ab Course —

6th Annual BayesialLab Conference in Chicago >
May 16-18, 2018: Seattle

’ BayesiaLab ’ Introductory BayesiaLab Course

May 21-23, 2018: Seattle
Advanced Bayesialab Course

Artificial Intelligence fer Research, Analytics,.and e RS et

Introductory BayesialLab Course

. Reasoning June 2626, 2016:Boston

Introductory BayesialLab Course

July 23-25, 2018: San Francisco
Introductory BayesialLab Course

September 26-28, 2018: New Delhi
Introductory BayesialLab Course

October 29-31, 2018: Chicago
Introductory BayesiaLab Course

November 5-7, 2018: Chicago
Advanced BayesialLab Course

Wihat ic Bavyoscial a2 |



User Forum: bayesia.com/community

BAYESIALAD

Bayesialab Software ~ Bayesian Networks User Guide & Library  User Forum BayesialLab Store  Courses & Events Learning Resources News Feed About

Q This Category ~ Search Log In

Register

€~ BayesialLab Seminars START NEW TOPIC

Latest New Top

Webinar on Diagnostic Decision Support with Bayesian Networks OO0 o ® 0
® nminute ago by stefanconrady: The answers to all webinar questions will be posted here. Started by stefanconrady a minute ago
@ English

BayesialLab.com




BayesiaLab Trial

Try Bayesialab Today!

* Download Demo Version:
www.bayesialab.com/trial-download

* Apply for Unrestricted Evaluation Version:
www.bayesialab.com/evaluation

BayesialLab.com 47



http://www.bayesialab.com/trial-download
http://www.bayesialab.com/evaluation

BayesiaLab Courses Around the World in 2018

° April 11-13 ° August 29-31
Sydney, Australia London, UK
° May 16-18 * September 26-28
Seattle, WA New Delhi, India
BAYESIALAB
° June 26-28 * October 29-31 -
Boston, MA Chicago, IL “t?ou‘ii?ry

° July 23-25 * December 4-6 m
San Francisco, CA New York, NY

Learn More & Register: bayesia.com/events

stefan.conrady@bayesia.us 48




In San Francisco, California
July 23-25, 2018
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Thank You!

E stefan.conrady@bayesia.us u BayesianNetwork
m linkedin.com/in/stefanconrady n facebook.com/bayesia

BayesialLab.com



