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Randomized experiments allow for credible measurement
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acsign treafment and control groupe 7
to measure a credible

by comparing their outcomes

7 _

' Treatment Control



Randomized experiments are not always practical

5

Not feacible Not easy Not cheap Not fast

o Cuctomer experience o Randomization bugs o Direct coste o (ong-term endpoints
o Ethice o Treatment icolation o Opportunity costs o Hictorical variante



Causal inference helps recreate the spark’ with historical data

Ucing the ) R cssssessiswsiasie

identify those who received the

wevan treafment and comtrofgronpe

construct a counterfactual control’

to measure a credible

I, \ T

by comparing their outcomes ! Treatment Cowtrof
Counterfactual



Industry has dictinct advantages when applying cavsal methods

Cewmi-random |fariation

Segmentation
[iming
Execution

Natural experimente!

Rich /-/fctor/ca/ Data

Individval-level
Integrated, multimodal
Longitvdinal
Qut-of-time

7

Domain-Driven A esumptiong

e Context / rationale for
decicions, treatment
agsignments

e Proxies for validation



Agenda

Common design patfterne
Patterns as building blocks

Prerequicites for cuccese

Pecouvrce¢ to fearn more



Key Design Patterns



Four basic strategies for causal inference
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|
|
|
%
I —_

| Stratification Propensity Score Weighting Re_gre,ssion :Discon-ﬁnui-h/
| | | | |
ol g & Pe | o | ! ® . |
& | g o IR =a® & he n® |
:0?9‘0’;| I Z . wele I e e ® " T
8 om0 d { MR TR | %
N *1 oMo W a P ‘T L « ¢ o
{‘ﬁw » L *‘?"“'@”’L, - Wl | ®
-~ | » _f P4 ) | -
P e Jolav |
ol oW I o Lt ¥ >
- P " v * 4 L 0@
- [ TR VR s
« 2 e v e ® %
w:a” ®© I Q“J - I s L C= e & 2 @ |
L™ » €I, w W x‘kv & ”,, 4 a |
e e 2l
| I L ™M e :
|
TG b x !
l

Variation in treatment within a population Variation acrose

Variation acrose



Uhen we have imbalance...

When you have:

S+ratification
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Bin comparicons into comparable cubgroups

Spark from vntreated data and rich featureset



Stratification patfern

R ecipe:

o Bin pa,bu/atiou éy caégraulbf

o Caleulate average effect by qroup

Weight average acroce groups

A(’S’amlb tion:

All common causec of treatment
and ovfcome are observed

All obcervations have positive
probability of treatment

Few variables need adjvstment



Stratification application

Attempt to A/B test ‘one-click instant checkout” on Black Friday

Amount
Spent

Due to a gliteh,
Chrome veerc cee button And Mozilla. users tend to

Browser
cpend lesc on averager

more often than

Mozilla ucers



Stratification application

Saw button
D/O(h ’t see



Uhen we have imbalance acrocs many dimensions...

When you have:

Prope_ns?-ry Score Weighting

- “eimilar” treated and untreated individuale
- different distribuvtions
- on many dimensiong

Jries to:

P(Treatment [ Traits) Rebalance to make groups more comparable

Spark from vntreated data and rich featurecet



Propencity Score (eighting pattern

,eecipe: /l(’.('um/bt‘lbh:
o  Model the P(Treatment [ o Al common caucec of treatment
Traite) and oufcome are accounted for
o Derive weightc from predictions o All obcervations have positive
o (Calculate average outcome by /broéaé///fy of treatment

treatment ucing weights



Propencity Score (eighting application

Send text mescage to all customers with a valid phone number on record

[ext
Megsage

Cuctomers withovt a

known phone number are

also lecs active



Propencity Score (eighting application

No phone -
Reweighted

i

P(PhonelX)



Uhen we have wno overlap..

Re,gre_ssjon :Discowﬁnui-ry
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When you have:
- digjoint treated and untreated individuals
- ceparated by sharp cut-off
Tries fo:

Exploit arbitrary variafion in treatment

acsignment at cut-off to evaluate local effect

Spark from charp policy cut-off



Regrescion Discontinuity pattern

R ecipe:

o  Model Ovtcome = flrunning var)
on each ¢ide of cut-off

o  Evaluate modele at cut-off valve

o [he local treatment effect ic the

difference in estimates

A(’S’umlb tion:

Acsignment rule ic unknown to
individuale (not gameable)
Outcome i¢ continvous function
of running variable

Can fit a reaconably
well-cpecified and cimple model



Regrescion Discontinuity application

Send coupon to customere whove not purchased in last 70 days

Recent
Trips Recent engagement ic

predictive of Future

engagement



Regrescion Discontinuity application

A/o Caupon : e B

Dayr Since
last purchase



Regrescion Discontinuity breakdown

Ofer free chipping and refurns on purchasee over $50

Peturn
\_ Likelihood

Cuctomers auticf,mtiny returns can game a brnown ,ba//‘cy



When we have pre-existing differences...

Difference in Differences When you have:

S - different baselines in comparison groups
I
I == — _ D . D

%, variation acrocs fime [pre//box'f}

/ 7;’;8 s fo.‘

|
|
|
|
: = Compare how difference in ,bre/,bo:’f behavior

differc aerocs populations

Spark from treatment timing



Difference-in-Differences paftera

R ecipe:

o Jake the ,bre/,borf treatment
difference within each group

o Find the difference in differences
between groups

o TJechunically done as a

fixed-effects reqrecsion

A(’S’umlb tion:

But-for the treatment, groupse would
have parallel trends
o Decision to treat not inflvenced by

anticipated outcome

o Mo cpill-over between groups



Difference-in-Differences apf/icaﬁon

Remodel ctore and want to measure effect on ctore traffic

Store Store
Remodel Vieits

Joo ca,viz‘a/ milensive

to ex,berimeut./



Difference-in-Differences ap,b/icaﬁon

|
|
I
|
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Ag»ig :
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[ime of

remodel



Difference-in-Differences breakdowns

Decision to Treat

Store
Remodel

Expected
Growth

§’ /b'// over

Treated
SCtore Visits

Store
Remodel

(ntreated
SCtore Visits



Four basic strategies for causal inference

Difference in Differences
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Variation in treatment within a population Variation acrose

Variation acrose



Extencions



Propencity ccores to measvre different effects

Different Subgroups

ATE
SN

‘f Treated \\ \D ATT

Map propencity ccores to different weighte for
different populations

Different Points of Randomization

\Un‘t reoted

Create counterfactuals for narrower cubaroups

like campaign opt-ins



Propencity ccoree to estimate individual effects

Caugal Forects Doubly Robust Methods (e.9. ATPTW)
(’ = )

\ ) —_ .
\/-—} { Outcome Model [
Treated

" \Q:;:\ ( Outcome Modjrl \
,r'f,.»" \ J Non-Treated
"

Create balanced experiment within tree nodec Combine treatment and ovicome models-

even if one ic m’f—(‘peciﬂ‘ec{/



Reloxing RD and Diff-in-Diff acsomptions

Fuzzy Regrescion D/'S‘conﬁm/ity B ay esion T ime Series
|

\ [

|
| e
|

Regrescion diccontinuity with imprecice cut-off DilF-in-diff extension for richer time ceries



Org Implications



Succescful causal inference requires a mix of ckills & capabilities

o\r\o\ge_me,n-l'

Domain

Conte xt

Probabilistic

l?e_o\sovﬁng



Holistic data management can help vs find the ‘cparks’ we need

"y S Weighti R ) ) U R i R
Propensity Score Weighting egression |:D scontinuity Difference n Differences
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| x |
ata Managemen etadata Monagement nowle anagement
Data Management Metadata Manag Knowledge Manag
Behavioral data gegmeutatioug' Decisione to enact policy
Digital data Strategies Rollovt/launch datee

Operational data Offers & Targeting



Pecovrcee



Ques’tions'?
| Get in fouch |

@emilyriederer on Web [ Twitter [ GitHub [ LinkedIn [ Gmail

| Related blog poste |

Coucal decign patterns

Caucal inference recource roundup

| Open access books |

The Effect: an Introduction to Recearch Design and Caucality by Nick Huntington-Klein
Caucal Inference: the Mixtape by Scott Cunningham
Cousal Inference: What IF? by Miguel Hernan
Introduction to Caucal Inference by Brady Neal
Causal Inference for the Brave and Jrve by Mathevs Alves



https://emilyriederer.com/
https://twitter.com/EmilyRiederer
https://github.com/emilyriederer
https://www.linkedin.com/in/emilyriederer/
https://emily.rbind.io/post/causal-design-patterns/
https://emily.rbind.io/post/resource-roundup-causal/
https://theeffectbook.net/
https://mixtape.scunning.com/
https://www.hsph.harvard.edu/miguel-hernan/causal-inference-book/
https://www.bradyneal.com/causal-inference-course
https://matheusfacure.github.io/python-causality-handbook/landing-page.html

Thank yau!



