Directed Acyclic Graphs
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Love Actually graph

The two Londons of ‘Love Actually’
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*Excluding the airport scene. Aside from putting almost everyone in a room together, the epilogue does nothing to actually connect the movie's different social networks.

https://fivethirtyeight.com/features/the-definitive-analysis-of-love-actually-the-greatest-christmas-movie-of-our-time/

FiveThirtyEight



I Afghanistan strategy graph

ANSF & 4 e e
) Coalition -
- . Damages/ « —
_Casua |es

~ OUTSIDE SUPPORT

il — - = ISR/Open"" 3
B ANSF SourcaGpet — gTot Sy : TO INSURGENT i
b == B Sy e oy ez FACTIONS =
g TACTICAL oS v(véﬁ;gr)ps »& Casualties ~ Goy UANSF/ o8
LAN%F U;'m Poli s ‘ R Coalition ‘ " a4 % \
/ » Leadershi olicin \. epercussions— - . \
F N b S O & Tactical Ca acny Secunty% Y o — ‘Havens/Abuh to Outsnde \ N \\
& Undersi Coalition «v/ Caﬁacnty Priorities & ~ ( old) o Haveps | Abitiy £SuppOr N\ 3
i Social SC%N ANSF Effectiveness ’/\ y >\\\ "g ement N\ 9
// \Structures _Strategy & Manpower . \ Ins, \ Coordlnatlon 2 e N
/' /Duration of "?";y // EO‘almon \ Recruitmg& nVPrstsi;gr\\la ism- - —Offensives & '\ \\~ Among Ins./ \ \ '"5'-"'99’“ \
/| Operation .~ | / Retention w._ ) \  Territo N,Ot _— Presence 4 |\ Facuons / 49 Terrain |\
[ [ OB [ coalition /8 "S','g:g,', ‘ N v Skill, Discipline, \  UnderGov't * " (Clear & Hold)" N A pneurgent \ "\ Advantage
[/ /| | Appropriate /' / to Fit Afgh: S Control (Afghan § " Training, Skill SCIOSNG:: V. A b
———/ / ;?ange of /| to I? ’ a/n /ANSF \AT ANISF <ANSF a3 \ ) sy B \ | /'/ 2 Experience \ ';Rﬂ:‘:m'xg; C’n!)ma\’ \
y / / / rai N ] P i Y, & ISR Trafflckmg AN \
f ‘ / FO'CB / / Institutional & Mentor?ng ~/__,Ins. Provision j lnsmvlr’ant X Y ,mb.m & \
| / \ / 4 apa y
A\ / coton et =\ U INSTITUTIONAL o | g X INSU RGENT N ey \
[\ Y Capac' ’ g Perceived \ Priorities & \. \ |
Coalition & De [o] Corru Stion & v >~ // \ Narcotlcs &1
y Avg COIN Coalition SE fruption | Ins. Strat DamatgFes& - | | Effectiveness~.___ other Crioindl Sa Y
\ | Experience Execution -/ e Advisory \ — ribal - R.O.L. Polic s Commuril | Use of Force Ins. Targeled v Fundi NAR TI
[ €Skl wCapacity & | \ _Favoritism  "AExecution ¥4 & Affiliation w/ \\ | / \ y ins. "~ _L "Attacks on N unding Funding 84
1P iori !les [ \.\ N \ o J / Perceived pes Populatlon ,/ Wy Progress/ B / sﬂla!%r'!‘alm
ANSF ~— ¥ / /V FTmess ~{ Perceived ; /Support | Relative Vlnspurgents { leellhood of\ /
COALITION | Iltion Fundmg Govt /7 /] { h Damagesluse \/ / for Govt . - — P pula | Crime/Violence\ \ ¥
\ Visibili to Adequacy Security”  / | | v of Fort N N ¥ | |_— upport i ~_|p/ins. Support | \
. Population:- Policy | | Relative Gth & Coalxlon ‘Percepllon of A '( 'lTo eranc% —— for Paymen( /
CAPACITY &Coalltion 5 Quality &/ |5 Message N Insurgent / - \ ~ P ! \
-Cbalmoanomeland l""“’Stmem/ — A . Qualit trength & | nsurgents /& Crnmnal /1 \
( Acceptance of . \ 4 ; ) |/ Govtis ?'"5 nt v Ac(lwly 111
pR|QR|T|ES o M “OVER ALL b POPULATION" ‘ ,-ﬂ - .-. _- o/ | |
’ | CONDITIONS | | Sy St 4 it e |/ [ X |
~antral t { \ o\ / ypathi the ence S mpathizin C lvey \ =\
‘ o\ | CENTR AL {‘,Jﬂ.o‘i‘;Y& GOVE RNMENT Ay \ 533'33"'" NS Ylngurgentg ?.‘é'i'.‘r’genq?/ mewgﬂg \ |
\ USGov't | | j‘,f;;‘“g," CAPACITY v & BELIEFS Fear of Ins. \/, = \ 7| Production, |
Opération | GOV'T "\ Relative message o1 \\ Reporcussions,” / X A gl | |
\ / essaée Amphfcauon N 5 Pe/ ons/ i > | ¥ x‘y‘ /
\ | | 37 \ ~_ Impact Gov't Govtvsins | I Y% Potentlal 7 L \hea
Y ' 7 \ Breadth of ! A:iequacyG ‘T { Integr?avtlgn of \\ vsins - :Attfractlveness Terrain_— o] | f
{1 f ov't Trainin . A Western . \ of Govtvs. Harsh 73 /
us Domes!lc Coalitiotr\t& [ [ / /‘ _w-Mentoring, . 4(‘G l, / Local Tribal, |/ - Affiliation gz SU PPO RT _winsurgent Pa‘h - &ag;e:g?ﬁ ~ /] YV Du;a(ion
Perceived ;‘o | / Vetting, and ov't |/ Structures ¥ . Backlash : Perception of- /A Operation
Cost/Benefit | L1 7 \ Hiring Workforcel /AbD // »y v —>Coalition Intent | | o — [ / K| | O
&ASuppon i ‘ [ [/ {9 22 skill & Avail | : ~ . > & Commitment | < ,‘nggp‘}w" - | Fraction of |
L4 " | v [ 4 \ A » Workforce ]
X X us Domestlcl | Trans arency \ Y / \ / |
|\ \_ Intl Strategic \ ofdovt ) \. Govte’ Ove'rall Gov't L | Sl - [ — »:%’{ﬁ;‘gﬁ{' A Agric. |||
.\~ Commun Procetssest& PFrolfessaanalhsm Reach, - Reli glous \ \ | B2 St § A lilegit | ‘
O\ &D TP SRR T ents  Policy Quality Execution— Rw ) I o P B4 ——
\ N\ COAL|TlON Nk 4 &?'mgss Fagafr',‘q);,f} \ ldeo"ggr&‘ \ Satlsfacnon ,//\ N T
N M = / \ o' o A X Structares Cultural Erosion/ Ability to [ |~ wi Gains in / /
\ se"“DOMESTIC \ [T N Displacement \ aReconcile | " | security, Services y /
o ¢ N TRIBAL R gt T [ E':p‘w";e"' Vel Gas ‘
A ~Gov" S~ \ ’ n Security, |/
\ . Contractor Ethnic/Tribal I | 4 "~ Services /
\\ SUPPO\,EIM Corruption & \G OVERNANC _~Rivalry~____ ’\/( o svtv’,“Gc:,‘:,';es‘ / [ [ Employment/ PAVEN ’ ;
\ \ Dev.Ops- . Tribal Favormsm “_ Structures&" g .~ " Vpath Iy, Expectatlons /
N \ Infrastructure;._ el Behels ) » g I ]/ for Securi [ /
. Y § = = ‘ \ ~= “Average v | Services,
N - p%ngecte‘dtqess Perceived | Employm:m ) P AG
N of Population__ " eetited :
. - » >

~——» Provide a

e —#» Humanitarian_

Rel ief

—Alnfr, Services, ECON—c—"
» Policy & Execution ~ e
/Perceived Falrness e

http://sdwise.com/2013/07/hey-new-york-times-a-causal-loop-diagram-is-not-a-powerpoint-fail/



I Travelling salesman graph
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http://computationaltales.blogspot.com/2011/07/dijkstras-algorithm-on-scooters-part-4.html



ISmoking-asthma graph
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Williamson EJ, et al. Introduction to causal diagrams for confounder selection. Respirology. 2014;19(3):303—311.



I Graphs help solve problems
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» Who is the central character tying together the
various plots in the movie?

» What are the downstream effects of increasing
resources in one sector vs. another?

» What is the shortest route connecting all the
locations?

» How can we reduce (and avoid inducing) bias in our
study?



I Strategies that may reduce (or induce!) bias

» Restrict a study’s participants to those with certain values of a variable

® e.g., recruit only people whose parents smoked

» Stratify by or statistically adjust for a variable

® e.g., include parental smoking status (yes/no) in the model

Parental
asthma

/ We often indicate that we’ve conditioned on a

Parental
> smoking

—— variable (by restricting, adjusting, etc.) by

N

T~ drawing a box around that node
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I Graph edges
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I Edges are directed

A —> B

A may cause B

A €& B

B may cause A

A B

A doesn’t cause B and B doesn’t cause A



ISmoking-asthma relationship assumptions
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I Smoking-asthma causal/relationships
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I Feedback loops
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I What do we do instead?
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I How do we read graphs?

sequences of connected nodes form paths

A—>B—>C
A€E—B—>C

A—>B€&—C



B paths may be blocked

A—B—>C

Recall that we often put
boxes around nodes to show
we’ve conditioned on those

A C variables

A collider is a node with

both arrowheads incomiﬂ é B b C



I Or unblocked

A—>B—>C

Because the arrow

into A goes the wrong A b B é C

way, this is a
backdoor path

Conditioning on a

A B C  collider unblocks the



I Unblocked paths mean variables are associated

» A and C are causally associated A % B % C

® \We can estimate what will happen to C if we
change A

» A and C are non-causally associated A h B % C

® Because they're associated in the data, we

may think that A causes C

® But this is just bias!



I Graphs are often easier to read in temporal order



Directed BAGSic Graphs




