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Causal Inference in Marketing Science 12:47:30 ,
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Today’s Program
1. Motivation & Background

* Introductory Example:
The Generic 2000 Commercial 20 min.
* Simpson’s Paradox & Causality

2. Marketing Mix Modeling Workflow

* Causal Assumptions? A
* Disjunctive Cause Criterion
- c 40 min.
* Machine-Learning with BayesialLab
* Causal Inference & Optimization D

stefan.conrady@bayesia.us 4
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Bayesian Networks & BayesialLab

A Practical Introduction for Researchers
@YESIA

* Free download:
Bayesian Networks

www.bavesia.com/book A
& Bayesialab

CCCCC

* Hardcopy available on Amazon:
http://amzn.com/0996533303

amazon

BayesialL.ab.com 6






* The Generic Car Company —
runs a commercial at the / =
Super Bowl for its new '

model, the Generic 2000.



* The Generic Car Company
runs a commercial at the =2 |
Super Bowl for its new 5/

model, the Generic 2000.



Introductory Example

Ad Exposure Gender

Test Drive

Purchase

0 1

0

0

Telephone Survey

* Afterwards, Generic conducts a

|k, |O|O|O
R, |O|—~,|O

telephone survey of 1,000 car

shoppers to understand the

effect of the Super Bowl

G = = = =R

O(FR|O|FR|[O]|FR|O|OC|F

commercial on shopping and
purchase behavior.

BayesialL.ab.com




Introductory Example

Analyzing the survey with a cross-tab...

Ad Exposure Gender Test Drive Purchase \
0 1 0 0
0 0 1 1
8 é 8 8 Ad Exposure | Purchase
1 1 0 1 > No - 60%
: . 9 9 Yes 45%
1 0 1 1
0 1 1 0
0 1 1 0 J

BayesialL.ab.com



Introductory Example

However, grouping the survey data by Gender reveals:

Ad Exposure Gender Test Drive Purchase \
0 1 0 0
0 0 1 1
. . 5 . Gender Ad Exposure | Purchase
0 0 0 0 Male No 30%
1 1 0 1 >
1 1 0 0
1 0 1 1 Female
0 1 1 0
0 1 1 0 J

BayesialL.ab.com



Introductory Example

How is this possible?

Gender | AdExposure| Purchase
Ad Exposure | Purchase Male No [ ] 30%
No - 60% Yes | 35%
45% No  [E70%
Female
L Ts%

u Simpson’ sl'aradox 2§

Simpson’s paradox is a phenomenon in probability and statistics, in which an
effect appears in subgroups of data but disappears or reverses when these groups
are combined.

BayesialL.ab.com 13




Introductory Example

Grouping the data by Test Drive shows:

Ad Exposure Gender Test Drive Purchase \
0 1 0 0
8 2 ; (1) Test Drive | Ad Exposure | Purchase
0 0 0 0 No No
1 1 0 1 > Yes
1 1 0 0 No
1 0 1 1 Yes
0 1 1 0 Yes

BayesialL.ab.com



Introductory Example

Finally, grouping the data by Gender and Test Drive reveals:

Ad Exposure Gender Test Drive Purchase \
0 1 0 0 Test Drive Gender |AdExposure| Purchase
0 0 1 1 No
0 1 0 0 Male
0 0 0 0 No
1 1 0 1 > Female
1 1 0 0
1 0 1 1 Male
0 1 1 0 Yes
: : : Female
0 1 1 0 J

BayesialL.ab.com



So, what'’s the advertising effect?

y
Test Drive Gender | Ad Exposure| Purchase Gender | Ad Exposure | Purchase
Male No Male
No
Female Female
Male
Yes
Female
Ad Exposure | Purchase
Test Drive

No

BayesialL.ab.com



Your Opinion?

Did this commercial have a positive or negative effect on purchase?
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Introductory Example

Purchase =\ —0.15 - Ad Exposurel 0.6 (R? = 0.02) —0.15

Purchase =0.05 - Ad Exposure H0.4 - Gender + 0.3 (R? = 0.14) +0.05

Purchase =4 —0.2 - Ad Exposure 4 0.1 - Test Drive + 0.67 (R?> = 0.03) —0.2

Purchase ={0.001 - Ad Exposure } 0.4 - Gender — 0.1 - Test Drive + 0.37 (R*= 0.15)

\ 7

y=1)

BayesialLab.com 19




Observational vs. Causal Inference

Observational Inference (Prediction)

y=f{see(x))

“given that | see”

Y (x)

Causal Inference (Intervention)

y=fldo(x))

“given that | do”

BayesialL.ab.com 240)




Map of Analytic Modeling & Reasoning

Was it good to “do”
this commercial?

y=f(see(x)) y=f{do(x)) =

“given that | see” “given that | do”

Model Source

Prediction Explanation | Simulation

Model Purpose Causation

Description Attribution | Optimization

~ Association/Correlation

BayesialL.ab.com



Test Drive Gender | Ad Exposure Gender
Male No Male
No
Female Female
Male
Yes
Female
Ad Exposure | Purchase

_015 60%

Ye 45%

“given that | see”

BayesialL.ab.com



Predictive Model:
Observational Inference

Causal Model:
Causal Inference

Model Source

Explanation Attribution

Model Purpose Causation

Description | Prediction Simulation Optimization

~ Association/Correlation

BayesialL.ab.com
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Predictive Model:
Observational Inference

Causal Model:
Causal Inference

E 4 )

Attribution

Explanation | Simulation

Model Purpose Causation

Prediction

Description Optimization

Association/Correlation

BayesialL.ab.com



Map of Analytic Modeling & Reasoning

Bayesian Networks

)
O
| -
=
@)
7]
O
ge.
@)
p=

Explanation Attrlbutlon Optlmlzatlon

Association/Correlation | Model Purpose | Causation

BayesialL.ab.com 26



Introductory Example

Develop Theory r ‘

Gender Ad Exposure

What's the story here? { Test Drive

Purchase W&

BayesialL.ab.com



Introductory Example

Our Theory! r

Gende Ad Exposure

That’s the story! Now
we have the qualitative <

part of a causal

Bayesian network.

Test Drive

Purchase

BayesialL.ab.com



Introductory Example

Gender 0 1
“ . Female Male Female 75.000 25.000
Pa ram ete IS 50.000 50.000 Male 25.000 75.000!

* We can estimate the Gende Ad Exposure

quantitative part of the

Gender Ad Exposure 0 1

network from the survey Female ) w7500

0 25.000 75.000

data. Test Drive | ¢ 1 75.000 25.000

* As aresult, we have a

BayeS|an network, Gender Test Drive Ad Exposure 0 1
) 0 30.000 70.000
which we can use for B ° 1 20000 80000
. 0 30.000 70.000
: 40.000 60.000
inference. 0
0 1 60.000 40.000
Purchas¢ “ale . 0 70.000 30.000
1 80.000 20.000

BayesialL.ab.com



Introductory Example

Our “Model of the World” 7~

° How can we obtain the
effect of Ad Exposure?

Ad Exposure

* With this causal Bayesian
network, we can simulate an
intervention to estimate the

Test |

Drive

causal effect.

Purchase

BayesialL.ab.com



Introductory Example

Ad Exposure Ad Exposure

: Causal Model Intervention Model
Baye5|aLab.wm



Fix Probabilities with

Introductory Examp| quuitaieee Matching ¢

Causal Inference: Simulating an

Gend
50.00% Female OFF
50.00% T Male

Ad Exposure Ad Exposure

Test Drive

Causal Model Intervention Model
BayesiaLab.wm
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So

what'’s the advertigPffect?

Test Drive Gender Ad Exposure | Purchase Gender Ad Exposure | Purchase
Male No
No
Fem~=le
Male
Yes
Female

Purchase

Test Drive | Ad Exposure

No

Yes

BayesialL.ab.com



Introductory Example

“Treatment”
“Confounder”

Ad Exposure

Adding Gender to
the regression
controls for it.

Test Drive

Purchase

Purchase = 0.05 - Ad Exposure + 0.4 - Gender + 0.3 37

Bayesi:







100% 0

SPAPER RADIO

gy,




I Wannaméker | ii : Y J.C. Penney éi

I know I waste half of my advertising dollars; I just wish I knew which half.

BayesialLab.com 41




Marketing Mix Optimization

Objective

ACTTIE GETIER/IC

AUTO CETITER

* Maximize sales within a given marketing budget.

Historical Sales & Media Data

° Quarter

Month

Weekday

End-of-Month Indicator
TV Advertising

BayesialLab.com

Direct Marketing
Print Advertising
Internet Advertising
Incentives

Sales

Co-Op Promotions
Competitive Incentives
Web Traffic

Showroom Traffic

Test Drives

42




Predictive Model:
Observational Inference

Causal Model:
Causal Inference

= )

Attribution

Model Source

Causal Network

Simulation

Explanation

Model Purpose Causation

Prediction

Description Optimization

~ Association/Correlation

BayesialL.ab.com



Marketing Mix Optimization

Causal Assumptions? O )

Quarter TV Advertising

* Recall: Causal inference
requires causal assumptions,

e.g., a causal networks! ﬁ
* But, given the number of

variables, there are 2.38x104! o

possible causal network graphs! Weekday
* Causal directions are not always

obvious. O

End-of-Month Indicator  Internet Advertising = Competitive Incentives

BayesialL.ab.com 44




Predictive Model:
Observational Inference

Causal Model:
Causal Inference

= )

Attribution

Simulation Optimization

Causation

BayesialL.ab.com



Now What?

We need a different

kind of theory




Disjunctive Cause Criterion

s '”8%\ NIH Public Access

s & Author Manuscript
% st

Published in final edited form as:
Biometrics. 2011 December ; 67(4): 1406—1413. doi:10.1111/5.1541-0420.2011.01619.x.

A new criterion for confounder selection

Tyler J. VanderWeele and
Departments of Epidemiology and Biostatistics, Harvard School of Public Health 677 Huntington
Avenue, Boston, MA 02115, Phone: 617-432-7855; Fax: 617-4321884

llya Shpitser
Department of Epidemiology, Harvard School of Public Health 677 Huntington Avenue, Boston,
MA 02115

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

Jduosnuey Jouyiny Vd-HIN

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

pretreatment variables and that for each covariate it is known (i) whether the covariate is a cause

of treatment, and (ii) whether the covariate is a cause of the outcome. The causal relationships the

covariates have with one another is assumed unknown. We propose that control be made for any

covariate that is either a cause of treatment or of the outcome or both. We show that irrespective of 4 7

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

1INV Vd-HIN

Bayesialab.c



Disjunctive Cause Criterion

VanderWeele and Shpitser (2011)

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

covariate that is either a cause of treatment or of the outcome
or both.”

Confounder Advertisement
| /

Y
Implementation in BayesialLab:
Likelihood Matching on Confounders in lMPORIANI ASSUMP"UN.
Direct Effects Analysis
=>» Causal Effect, i.e., the Advertising Effect NU UNOBSERVED CONF UUNDERS

BayesialLab.com



Predictive Model:
Observational Inference

Causal Model:
Causal Inference

= )

Attribution

Model Source

Confounder Selection

Simulation

Explanation

Model Purpose Causation

Prediction

Description Optimization

~ Association/Correlation

BayesialL.ab.com



Marketing Mix Optimization// & All Data is Synthetic

Proposed Workflow /

Import historical sales and marketing data.”
Machine-learn a predictive model with Bayesialab.

Determine Confounders vs. Non-Confounders, using the
Disjunctive Cause Criterion.

Estimate and evaluate Direct Effects response curves.
Introduce Function Node and assign media costs.

Perform Genetic Target Optimization.

Apply Network Temporalization.

Add Constraint Nodes between t and t-1 marketing variables.
Perform Genetic Target Optimization on dynamic network.

BayesialLab.com

"N
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|E| Data Import

Encoding Options
Title Line
Space [ Other Sl [[] End of Line Character
0 Consider Identical Consecutive separatars

Missing Values Filtered Values as a Unigue One

0O Consider Different Consecutive Separators
Fv as a Unique One
/A

[] bouble Quote as String Delimiters

Learning/Test

[ Single Quote as String Delimiters

Month Weekday End-of-Mo. TV Adverti... Internet A... Incentives

Finish

Data Import Wizard

@l




Action

Columns with Missing Values
All not Distributed
All Discrete

All Continuous

Data
Quarter Month

(O) Row Identifier

- T R S TR X RS - T, R S TR X

1
1
1
1
1
1
1
1
1
1
1
1
1
1

Variable Type Definition

End-of-Mo...

Information
Number of Rows
Mot Distributed
Discrete
Continuous
Others

Missing Values

Filtered Values

Previous

16801
0

100.00%
0.00%

. 117.5208372...

Finish

Inc
25.4659327...

10.3516514...
7.80920441...
12.5090584...
18.5672537...




|E| Data Import

ata Selection and Filtering

Missing Value Processi
Filter

Static Imputation
amic Imputa

Structural EM

Quarter = Month =

lect All Continuous

Previous

Missing Values Processing

Information

Number of Rows 16801 | 100.00%

Mot Distributed a 0.00%
Discrete 4

Continuous il

Others

Missing Values

Filtered Values

lect Values

Incentives =
25.4659327...
32.7752257,

. [10.3516514...
7.80520451...
12,5090584...

DirectM... =

325.518332

99.6351953

235.482011

212640317 v
>

Finish




Discretization

|E| Data Import

Discretization and Aggregation

Discretization

Type
Maximum

Minimum

Threshold value

Quarter

Previous

Distribution Function

Load Discretization:

Month Weekday End-of-Mo... TV Adverti...

2

lect All Continuous

Previous

Direct Mar...  Print Adve...

46.2795596...
50.6651354...
21.6886298...
37.2109908... |3

Select All Discrete

Finish

Incentives
25.4659327...

10.3516514...
7.80520451...
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