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“If you get there and the 
Waffle House is closed? 
That's really bad. That's 
when you go to work.”

Craig Fugate, director (2009–2017)  
USA Federal Emergency 
Management Agency (FEMA)



Does Waffle House cause divorce?
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http://www.tylervigen.com/spurious-correlations

Correlation is commonplace

http://www.tylervigen.com/spurious-correlations
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The Pipe
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The Fork
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The Collider
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The Descendant

A

Ye Olde Causal Alchemy 
The Four Elemental Confounds



The Fork
X and Y are associated 

Share a common cause Z 

Once stratified by Z, no association

Y ⫫ X

Y ⫫ X | Z

Z is a “confounder”
X Z Y







     Y 
X     0   1 
  0 397  84 
  1 100 419

Z = 0 
     Y 
X     0   1 
  0 390  43 
  1  44   5 

Z = 1 
     Y 
X     0   1 
  0   7  41 
  1  56 414

X Z Y

n <- 1000 
Z <- rbern( n , 0.5 ) 
X <- rbern( n , (1-Z)*0.1 + Z*0.9 ) 
Y <- rbern( n , (1-Z)*0.1 + Z*0.9 )

> cor(X,Y) 
[1] 0.63

> cor(X[Z==0],Y[Z==0]) 
[1] 0.003 
> cor(X[Z==1],Y[Z==1]) 
[1] 0.024

Y ⫫ X

Y ⫫ X | Z



Z = 1Z = 0X Z Y
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cols <- c(4,2) 

N <- 300 
Z <- rbern(N) 
X <- rnorm(N,2*Z-1) 
Y <- rnorm(N,2*Z-1) 

plot( X , Y , col=cols[Z+1] , lwd=3 ) 

abline(lm(Y[Z==1]~X[Z==1]),col=2,lwd=3) 

abline(lm(Y[Z==0]~X[Z==0]),col=4,lwd=3) 

abline(lm(Y~X),lwd=3)



Fork Example
Why do regions of the USA with  
higher rates of marriage  
also have  
higher rates of divorce?
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library(rethinking) 
data(WaffleDivorce)

M D?
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Marrying the Owl
(1) Estimand: Causal effect 
of marriage rate on divorce 
rate 

(2) Scientific model 

(3) Statistical model 

(4) Analyze

M D?
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Marrying the Owl
(1) Estimand: Causal effect 
of marriage rate on divorce 
rate 

(2) Scientific model 

(3) Statistical model 

(4) Analyze

M D?

M D
A
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Fork: M <– A –> D 

To estimate direct effect of M, need to 
break the fork 

Break the fork by stratifying by A



What does it mean to stratify by a continuous variable? 

It depends 

How does A influence D? 
What is D = f(A,M)? 

In a linear regression:

M D

A

μi = α + βMMi + βAAi

Di ∼ Normal(μi, σ)



What does it mean to stratify by a continuous variable? 

Every value of A produces of 
different relationship between D 
and M:

M D

A

μi = α + βMMi + βAAi

μi = (α + βAAi) + βMMi
intercept



Statistical Fork
To stratify by A (age at marriage), 
include as term in linear model

μi = α + βMMi + βAAi

Di ∼ Normal(μi, σ)

α ∼ Normal(?, ?)
βM ∼ Normal(?, ?)
βA ∼ Normal(?, ?)
σ ∼ Exponential(?)

We are going to 
standardize the data



Standardizing the Owl
Often convenient to standardize 
variables in linear regression 

Standardize: Subtract mean and 
divide by standard deviation 

Computation works better 

Easy to choose sensible priors -2 -1 0 1 2 3
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Prior predictive simulation

μi = α + βMMi + βAAi

Di ∼ Normal(μi, σ)

α ∼ Normal(0,10)
βM ∼ Normal(0,10)
βA ∼ Normal(0,10)
σ ∼ Exponential(1)

Some default priors # prior predictive simulation 
n <- 20 
a <- rnorm(n,0,10) 
bM <- rnorm(n,0,10) 
bA <- rnorm(n,0,10) 
plot( NULL , xlim=c(-2,2) , ylim=c(-2,2) , 
xlab="Median age of marriage (standardized)" , 
ylab="Divorce rate (standardized)" ) 
Aseq <- seq(from=-3,to=3,len=30) 
for ( i in 1:n ) { 
    mu <- a[i] + bA[i]*Aseq 
    lines( Aseq , mu , lwd=2 , col=2 ) 
}



# prior predictive simulation 
n <- 20 
a <- rnorm(n,0,10) 
bM <- rnorm(n,0,10) 
bA <- rnorm(n,0,10) 
plot( NULL , xlim=c(-2,2) , ylim=c(-2,2) , 
xlab="Median age of marriage (standardized)" , 
ylab="Divorce rate (standardized)" ) 
Aseq <- seq(from=-3,to=3,len=30) 
for ( i in 1:n ) { 
    mu <- a[i] + bA[i]*Aseq 
    lines( Aseq , mu , lwd=2 , col=2 ) 
}

Prior predictive simulation

μi = α + βMMi + βAAi

Di ∼ Normal(μi, σ)

α ∼ Normal(0,10)
βM ∼ Normal(0,10)
βA ∼ Normal(0,10)
σ ∼ Exponential(1)

Some default priors
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# better priors 
n <- 20 
a <- rnorm(n,0,0.2) 
bM <- rnorm(n,0,0.5) 
bA <- rnorm(n,0,0.5) 
plot( NULL , xlim=c(-2,2) , ylim=c(-2,2) , 
xlab="Median age of marriage (standardized)" , 
ylab="Divorce rate (standardized)" ) 
Aseq <- seq(from=-3,to=3,len=30) 
for ( i in 1:n ) { 
    mu <- a[i] + bA[i]*Aseq 
    lines( Aseq , mu , lwd=2 , col=2 ) 
}

Prior predictive simulation

μi = α + βMMi + βAAi

Di ∼ Normal(μi, σ)

α ∼ Normal(0,0.2)
βM ∼ Normal(0,0.5)
βA ∼ Normal(0,0.5)
σ ∼ Exponential(1)

Better priors



# better priors 
n <- 20 
a <- rnorm(n,0,0.2) 
bM <- rnorm(n,0,0.5) 
bA <- rnorm(n,0,0.5) 
plot( NULL , xlim=c(-2,2) , ylim=c(-2,2) , 
xlab="Median age of marriage (standardized)" , 
ylab="Divorce rate (standardized)" ) 
Aseq <- seq(from=-3,to=3,len=30) 
for ( i in 1:n ) { 
    mu <- a[i] + bA[i]*Aseq 
    lines( Aseq , mu , lwd=2 , col=2 ) 
}

Prior predictive simulation

μi = α + βMMi + βAAi

Di ∼ Normal(μi, σ)

α ∼ Normal(0,0.2)
βM ∼ Normal(0,0.5)
βA ∼ Normal(0,0.5)
σ ∼ Exponential(1)

Better priors
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Marrying the Owl
(1) Estimand: Causal effect 
of marriage rate on divorce 
rate 

(2) Scientific model 

(3) Statistical model 

(4) Analyze

M D?

M D
A

μi = α + βMMi + βAAi



# model 
dat <- list( 
    D = standardize(d$Divorce), 
    M = standardize(d$Marriage), 
    A = standardize(d$MedianAgeMarriage) 
) 

m_DMA <- quap( 
    alist( 
        D ~ dnorm(mu,sigma), 
        mu <- a + bM*M + bA*A, 
        a ~ dnorm(0,0.2), 
        bM ~ dnorm(0,0.5), 
        bA ~ dnorm(0,0.5), 
        sigma ~ dexp(1) 
    ) , data=dat )

μi = α + βMMi + βAAi

Di ∼ Normal(μi, σ)

α ∼ Normal(0,0.2)
βM ∼ Normal(0,0.5)
βA ∼ Normal(0,0.5)
σ ∼ Exponential(1)

Analyze data



# model 
dat <- list( 
    D = standardize(d$Divorce), 
    M = standardize(d$Marriage), 
    A = standardize(d$MedianAgeMarriage) 
) 

m_DMA <- quap( 
    alist( 
        D ~ dnorm(mu,sigma), 
        mu <- a + bM*M + bA*A, 
        a ~ dnorm(0,0.2), 
        bM ~ dnorm(0,0.5), 
        bA ~ dnorm(0,0.5), 
        sigma ~ dexp(1) 
    ) , data=dat )

sigma

bA

bM

a

-0.5 0.0 0.5
Value

plot(precis(m_DMA))

In this case, slope bM is estimand, 
but it’s not always so simple

Analyze data
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/PX UIF EBUB GSBNF d IBT ��� TJNVMBUFE DBTFT� #FDBVTF x_real JOĘVFODFT CPUI y BOE x_spur ZPV
DBO UIJOL PG x_spur BT BOPUIFS PVUDPNF PG x_real CVU POFXIJDIXFNJTUBLF BT B QPUFOUJBM QSFEJDUPS
PG y� "T B SFTVMU CPUI YSFBM BOE YTQVS BSF DPSSFMBUFE XJUI Z� :PV DBO TFF UIJT JO UIF TDBUUFSQMPUT GSPN
pairs(d)� #VU XIFO ZPV JODMVEF CPUI Y WBSJBCMFT JO B MJOFBS SFHSFTTJPO QSFEJDUJOH Z UIF QPTUFSJPS
NFBO GPS UIF BTTPDJBUJPO CFUXFFO Z BOE YTQVS XJMM CF DMPTF UP [FSP�

�������� $PVOUFSGBDUVBM QMPUT� " TFDPOE TPSU PG JOGFSFOUJBM QMPU EJTQMBZT UIF DBVTBM JNQMJ�
DBUJPOT PG UIF NPEFM� * DBMM UIFTF QMPUT İļłĻŁĲĿĳĮİŁłĮĹ CFDBVTF UIFZ DBO CF QSPEVDFE GPS
BOZ WBMVFT PG UIF QSFEJDUPS WBSJBCMFT ZPV MJLF FWFO VOPCTFSWFE DPNCJOBUJPOT MJLF WFSZ IJHI
NFEJBO BHF PG NBSSJBHF BOE WFSZ IJHI NBSSJBHF SBUF� ćFSF BSF OP 4UBUFT XJUI UIJT DPNCJ�
OBUJPO CVU JO B DPVOUFSGBDUVBM QMPU ZPV DBO BTL UIF NPEFM GPS B QSFEJDUJPO GPS TVDI B 4UBUF
BTLJOH RVFTUJPOT MJLF i8IBU XPVME 6UBI�T EJWPSDF SBUF CF JG JU�T NFEJBO BHF BU NBSSJBHF XFSF
IJHIFS w 6TFE XJUI DMBSJUZ PG QVSQPTF DPVOUFSGBDUVBM QMPUT IFMQ ZPV VOEFSTUBOE UIF NPEFM
BT XFMM BT HFOFSBUF QSFEJDUJPOT GPS JNBHJOBSZ JOUFSWFOUJPOT BOE DPNQVUF IPX NVDI TPNF
PCTFSWFE PVUDPNF DPVME CF BUUSJCVUFE UP TPNF DBVTF�

/PUF UIBU UIF UFSN iDPVOUFSGBDUVBMw JT IJHIMZ PWFSMPBEFE JO TUBUJTUJDT BOE QIJMPTPQIZ� *U
IBSEMZ FWFS NFBOT UIF TBNF UIJOH XIFO VTFE CZ EJČFSFOU BVUIPST� )FSF * VTF JU UP JOEJDBUF
TPNF DPNQVUBUJPO UIBU NBLFT VTF PG UIF TUSVDUVSBM DBVTBM NPEFM HPJOH CFZPOE UIF QPTUFSJPS
EJTUSJCVUJPO� #VU JU DPVME SFGFS UP RVFTUJPOT BCPVU CPUI UIF QBTU BOE UIF GVUVSF�

ćF TJNQMFTU VTF PG B DPVOUFSGBDUVBM QMPU JT UP TFF IPX UIF PVUDPNF XPVME DIBOHF BT ZPV
DIBOHF POF QSFEJDUPS BU B UJNF� *G TPNF QSFEJDUPS9 UPPL PO B OFX WBMVF GPS POF PSNPSF DBTFT
JO PVS EBUB IPX XPVME UIF PVUDPNF : IBWF DIBOHFE $IBOHJOH KVTU POF QSFEJDUPS 9 NJHIU
BMTP DIBOHF PUIFS QSFEJDUPST EFQFOEJOH VQPO UIF DBVTBM NPEFM� 4VQQPTF GPS FYBNQMF UIBU
ZPV QBZ ZPVOH DPVQMFT UP QPTUQPOF NBSSJBHF VOUJM UIFZ BSF �� ZFBST PME� 4VSFMZ UIJT XJMM BMTP
EFDSFBTF UIF OVNCFS PG DPVQMFT XIP FWFS HFU NBSSJFE�TPNF QFPQMF XJMM EJF CFGPSF UVSOJOH
�� BNPOH PUIFS SFBTPOT�EFDSFBTJOH UIF PWFSBMM NBSSJBHF SBUF� "O FYUSBPSEJOBSZ BOE FWJM
EFHSFF PG DPOUSPM PWFS QFPQMF XPVME CF OFDFTTBSZ UP SFBMMZ IPME NBSSJBHF SBUF DPOTUBOU XIJMF
GPSDJOH FWFSZPOF UP NBSSZ BU B MBUFS BHF�

4P MFU�T TFF IPX UP HFOFSBUF QMPUT PG NPEFM QSFEJDUJPOT UIBU UBLF UIF DBVTBM TUSVDUVSF JOUP
BDDPVOU� ćF CBTJD SFDJQF JT�

	�
 1JDL B WBSJBCMF UP NBOJQVMBUF UIF JOUFSWFOUJPO WBSJBCMF�
	�
 %FĕOF UIF SBOHF PG WBMVFT UP TFU UIF JOUFSWFOUJPO WBSJBCMF UP�
	�
 'PS FBDI WBMVF PG UIF JOUFSWFOUJPO WBSJBCMF BOE GPS FBDI TBNQMF JO QPTUFSJPS VTF

UIF DBVTBM NPEFM UP TJNVMBUF UIF WBMVFT PG PUIFS WBSJBCMFT JODMVEJOH UIF PVUDPNF�
*O UIF FOE ZPV FOE VQ XJUI B QPTUFSJPS EJTUSJCVUJPO PG DPVOUFSGBDUVBM PVUDPNFT UIBU ZPV DBO
QMPU BOE TVNNBSJ[F JO WBSJPVT XBZT EFQFOEJOH VQPO ZPVS HPBM�

-FU�T TFF IPX UP EP UIJT GPS UIF EJWPSDF NPEFM� "HBJO XF UBLF UIJT %"( BT HJWFO�

A

D

M

5P TJNVMBUF GSPN UIJT XF OFFE NPSF UIBO UIF %"(� 8F BMTP OFFE B TFU PG GVODUJPOT UIBU UFMM
VT IPX FBDI WBSJBCMF JT HFOFSBUFE� 'PS TJNQMJDJUZ XF�MM VTF (BVTTJBO EJTUSJCVUJPOT GPS FBDI
WBSJBCMF KVTU MJLF JO NPEFM m5.3� #VU NPEFM m5.3 JHOPSFE UIF BTTVNQUJPO UIBU " JOĘVFODFT

��� �� 5)& ."/: 7"3*"#-&4 � 5)& 4163*064 8"''-&4

0WFSUIJOLJOH� 4JNVMBUJOH DPVOUFSGBDUVBMT� ćF FYBNQMF JO UIJT TFDUJPO VTFE sim() UP IJEF UIF EF�
UBJMT� #VU TJNVMBUJOH DPVOUFSGBDUVBMT PO ZPVS PXO JT OPU IBSE� *U KVTU VTFT UIF NPEFM EFĕOJUJPO�
"TTVNF XF�WF BMSFBEZ ĕU NPEFM m5.3_A UIF NPEFM UIBU JODMVEFT CPUI DBVTBM QBUIT " → % BOE
"→ .→ %� 8F EFĕOF B SBOHF PG WBMVFT UIBU XF XBOU UP BTTJHO UP "�

3 DPEF
���� A_seq <- seq( from=-2 , to=2 , length.out=30 )

/FYU XF OFFE UP FYUSBDU UIF QPTUFSJPS TBNQMFT CFDBVTF XF�MM TJNVMBUF PCTFSWBUJPOT GPS FBDI TFU PG
TBNQMFT� ćFO JU SFBMMZ JT KVTU B NBUUFS PG VTJOH UIF NPEFM EFĕOJUJPO XJUI UIF TBNQMFT BT JO QSFWJPVT
FYBNQMFT� ćFNPEFM EFĕOFT UIF EJTUSJCVUJPO PG .� 8F KVTU DPOWFSU UIBU EFĕOJUJPO UP UIF DPSSFTQPOE�
JOH TJNVMBUJPO GVODUJPO XIJDI JT rnorm JO UIJT DBTF�

3 DPEF
���� post <- extract.samples( m5.3_A )

M_sim <- with( post , sapply( 1:30 ,
function(i) rnorm( 1e3 , aM + bAM*A_seq[i] , sigma_M ) ) )

* VTFE UIF with GVODUJPO XIJDI TBWFT VT IBWJOH UP UZQF post$ JO GSPOU PG FWFSZ QBSBNFUFS OBNF� ćF
MJOFBS NPEFM JOTJEF rnorm DPNFT SJHIU PVU PG UIF NPEFM EFĕOJUJPO� ćJT QSPEVDFT B NBUSJY PG WBMVFT
XJUI TBNQMFT JO SPXT BOE DBTFT DPSSFTQPOEJOH UP UIF WBMVFT JO A_seq JO UIF DPMVNOT� /PX UIBU XF
IBWF TJNVMBUFE WBMVFT GPS . XF DBO TJNVMBUF % UPP�

3 DPEF
���� D_sim <- with( post , sapply( 1:30 ,

function(i) rnorm( 1e3 , a + bA*A_seq[i] + bM*M_sim[,i] , sigma ) ) )

*G ZPV QMPU A_seq BHBJOTU UIF DPMVNONFBOT PG D_sim ZPV�MM TFF UIF TBNF SFTVMU BT CFGPSF� *O DPNQMFY
NPEFMT UIFSF NJHIU CF NBOZ NPSF WBSJBCMFT UP TJNVMBUF� #VU UIF CBTJD QSPDFEVSF JT UIF TBNF�

���� .BTLFE SFMBUJPOTIJQ
ćF EJWPSDF SBUF FYBNQMF EFNPOTUSBUFT UIBU NVMUJQMF QSFEJDUPS WBSJBCMFT BSF VTFGVM GPS

LOPDLJOH PVU TQVSJPVT BTTPDJBUJPO� " TFDPOE SFBTPO UP VTF NPSF UIBO POF QSFEJDUPS WBSJBCMF
JT UP NFBTVSF UIF EJSFDU JOĘVFODFT PG NVMUJQMF GBDUPST PO BO PVUDPNF XIFO OPOF PG UIPTF
JOĘVFODFT JT BQQBSFOU GSPN CJWBSJBUF SFMBUJPOTIJQT� ćJT LJOE PG QSPCMFN UFOET UP BSJTF XIFO
UIFSF BSF UXP QSFEJDUPS WBSJBCMFT UIBU BSF DPSSFMBUFE XJUI POF BOPUIFS� )PXFWFS POF PG UIFTF
JT QPTJUJWFMZ DPSSFMBUFE XJUI UIF PVUDPNF BOE UIF PUIFS JT OFHBUJWFMZ DPSSFMBUFE XJUI JU�

:PV�MM DPOTJEFS UIJT LJOE PG QSPCMFN JO B OFX EBUB DPOUFYU JOGPSNBUJPO BCPVU UIF DPN�
QPTJUJPO PG NJML BDSPTT QSJNBUF TQFDJFT BT XFMM BT TPNF GBDUT BCPVU UIPTF TQFDJFT MJLF CPEZ
NBTT BOE CSBJO TJ[F��� .JML JT B IVHF JOWFTUNFOU CFJOHNVDINPSF FYQFOTJWF UIBO HFTUBUJPO�
4VDI BO FYQFOTJWF SFTPVSDF JT MJLFMZ BEKVTUFE JO TVCUMF XBZT EFQFOEJOH VQPO UIF QIZTJPMPH�
JDBM BOE EFWFMPQNFOU EFUBJMT PG FBDI NBNNBM TQFDJFT� -FU�T MPBE UIF EBUB JOUP 3 ĕSTU�

3 DPEF
���� library(rethinking)

data(milk)
d <- milk
str(d)

:PV TIPVME TFF JO UIF TUSVDUVSF PG UIF EBUB GSBNF UIBU ZPV IBWF �� SPXT GPS � WBSJBCMFT� ćF
WBSJBCMFT XF�MM DPOTJEFS GPS OPX BSF kcal.per.g 	LJMPDBMPSJFT PG FOFSHZ QFS HSBN PG NJML


Simulating causal effects: Page 140–144



X Z Y

The Pipe
X Z Y

The Fork

X Z Y

The Collider
X Z Y

The Descendant

A
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The Four Elemental Confounds



X Z YThe Pipe
X and Y are associated 

Influence of X on Y transmitted through Z 

Once stratified by Z, no association

Y ⫫ X

Y ⫫ X | Z

Z is a “mediator”





     Y 
X     0   1 
  0 430  87 
  1  93 390

Z = 0 
     Y 
X     0   1 
  0 422  39 
  1  53   5 

Z = 1 
     Y 
X     0   1 
  0   8  48 
  1  40 385

X Z Y
n <- 1000 
X <- rbern( n , 0.5) 
Z <- rbern( n , (1-X)*0.1 + X*0.9 ) 
Y <- rbern( n , (1-Z)*0.1 + Z*0.9 )

> cor(X,Y) 
[1] 0.64

> cor(X[Z==0],Y[Z==0]) 
[1] 0.002 
> cor(X[Z==1],Y[Z==1]) 
[1] 0.052

Y ⫫ X

Y ⫫ X | Z



Z = 1Z = 0

cols <- c(4,2) 

N <- 300 
X <- rnorm(N) 
Z <- rbern(N,inv_logit(X)) 
Y <- rnorm(N,(2*Z-1)) 

plot( X , Y , col=cols[Z+1] , lwd=3 ) 

abline(lm(Y[Z==1]~X[Z==1]),col=2,lwd=3) 

abline(lm(Y[Z==0]~X[Z==0]),col=4,lwd=3) 

abline(lm(Y~X),lwd=3)

X Z Y

-3 -2 -1 0 1 2 3

-3
-2

-1
0

1
2

3

X

Y



Pipe Example
Plant growth experiment 

100 plants 

Half treated with anti-fungal 

Measure growth and fungus 

Estimand: Causal effect of 
treatment on plant growth



Scientific model

H0H1

F

height 
time 1

height 
time 0

fungus



Scientific model

H0H1T

F

treatment
height 
time 1

height 
time 0

fungus



Statistical model
Estimand: Total causal effect of T 

The path T –> F –> H1 is a pipe 

Should we stratify by F? 

NO — that would block the pipe 

See pages 170–175 for complete 
example

H0

H1T

F
The treatment 

must flow



Post-treatment bias
Stratifying by (conditioning on) F 
induces post-treatment bias 

Might conclude that treatment doesn’t 
work when it actually does 

Consequences of treatment should not 
usually be included in your statistical 
model (do include in scientific model!) 

Doing experiments is no protection 
against bad causal inference

STOP CONDITIONING ON POSTTREATMENT VARIABLES IN EXPERIMENTS 761

unlikely to hold in real-world settings. In short, condi-
tioning on posttreatment variables can ruin experiments;
we should not do it.

Though the dangers of posttreatment bias have long
been recognized in the fields of statistics, econometrics,
and political methodology (e.g., Acharya, Blackwell, and
Sen 2016; Elwert and Winship 2014; King and Zeng 2006;
Rosenbaum 1984; Wooldridge 2005), there is still signif-
icant confusion in the wider discipline about its sources
and consequences. In this article, we therefore seek to
provide the most comprehensive and accessible account
to date of the sources, magnitude, and frequency of post-
treatment bias in experimental political science research.
We first identify common practices that lead to posttreat-
ment conditioning and document their prevalence in arti-
cles published in the field’s top journals. We then provide
analytical results that explain how posttreatment bias con-
taminates experimental analyses and demonstrate how it
can distort treatment effect estimates using data from
two real-world studies. We conclude by offering guidance
on how to address practical challenges in experimental
research without inducing posttreatment bias.

Don’t We Already Know This?

We first address the notion that the dangers of posttreat-
ment bias are already well known. After all, published
research in political science identified posttreatment bias
(in passing) as problematic over a decade ago (King and
Zeng 2006, 147–48). More recent work has amplified these
points in the context of observational research (Acharya,
Blackwell, and Sen 2016; Blackwell 2013). Some readers
may wonder whether this exercise is needed given the in-
creasingly widespread understanding of causal analysis in
the discipline. In this section, we show that the dangers of
posttreatment conditioning are either not understood or
are being ignored—our review of the published literature
suggests that it is widespread.

Of course, conditioning on posttreatment variables
is not a practice that is exclusive to experimental research.
Indeed, we believe the prevalence of and bias from post-
treatment conditioning in observational research is likely
greater (perhaps much greater). Acharya, Blackwell, and
Sen (2016), for instance, show that as many as four out of
five observational studies in top journals may condition
on posttreatment variables. We speculate that posttreat-
ment bias may be even more common in less prestigious
outlets or in books.

We focus on experiments because, first, it is reason-
able to expect experimentalists to be especially careful to

TABLE 1 Posttreatment Conditioning
in Experimental Studies

Category Prevalence

Engages in posttreatment conditioning 46.7%
Controls for/interacts with a

posttreatment variable
21.3%

Drops cases based on posttreatment
criteria

14.7%

Both types of posttreatment conditioning
present

10.7%

No conditioning on posttreatment variables 52.0%
Insufficient information to code 1.3%

Note: The sample consists of 2012–14 articles in the American Po-
litical Science Review, the American Journal of Political Science, and
the Journal of Politics including a survey, field, laboratory, or lab-
in-the-field experiment (n = 75).

avoid posttreatment bias. In many cases, the usefulness
of an experiment rests on its strong claim to internal
validity, not the participants (often unrepresentative) or
the manipulation (often artificial). And unlike observa-
tional studies, the nature and timing of the treatment in
experiments are typically unambiguous, making it easy
for scholars to avoid conditioning on posttreatment vari-
ables. Second, for pedagogical purposes, explaining post-
treatment bias in experiments allows for greater exposi-
tional clarity, reduces ambiguity about whether variables
are measured posttreatment in the examples we discuss,
and allows us to generate an unbiased estimate for pur-
poses of comparison in our applications.

To demonstrate the prevalence of posttreatment con-
ditioning in contemporary experimental research in po-
litical science, we analyzed all articles published in the
American Political Science Review (APSR), the American
Journal of Political Science (AJPS), and the Journal of Pol-
itics (JOP) that included one or more survey, field, labo-
ratory, or lab-in-the-field experiments from 2012 to 2014
(n = 75). We coded each article for whether the authors
subsetted the data based on potentially posttreatment cri-
teria; controlled for or interacted their treatment variable
with any variables that could plausibly be affected by the
treatment (e.g., not race or gender when these were ir-
relevant to the study); or conditioned on variables that
the original authors themselves identified as experimental
outcomes.1

Table 1 presents a summary of our results. Overall, we
find that 46.7% of the experimental studies published in

1Additional details on these coding procedures as well as a listing of
articles coded as having some form of posttreatment conditioning
are provided in the supporting information.

From Montgomery et al 2018 “How Conditioning on 
Posttreatment Variables Can Ruin Your Experiment 
and What to Do about It”
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The Pipe
X Z Y

The Fork

X Z Y

The Collider
X Z Y

The Descendant

A

Ye Olde Causal Alchemy 
The Four Elemental Confounds



Y ⫫ X | Z

X Z YThe Collider
X and Y are not associated (share no causes) 

X and Y both influence Z 

Once stratified by Z, X and Y associated

Y ⫫ X

Z is a “collider”





     Y 
X     0   1 
  0 243 236 
  1 250 271

X Z Y
n <- 1000 
X <- rbern( n , 0.5 ) 
Y <- rbern( n , 0.5 ) 
Z <- rbern( n , ifelse(X+Y>0,0.9,0.2) )

> cor(X,Y) 
[1] 0.027

Y ⫫ X



Y ⫫ X | Z

     Y 
X     0   1 
  0 243 236 
  1 250 271

Z = 0 
     Y 
X     0   1 
  0 200  19 
  1  32  29 

Z = 1 
     Y 
X     0   1 
  0  43 217 
  1 218 242

X Z Y
n <- 1000 
X <- rbern( n , 0.5 ) 
Y <- rbern( n , 0.5 ) 
Z <- rbern( n , ifelse(X+Y>0,0.9,0.2) )

> cor(X,Y) 
[1] 0.027

> cor(X[Z==0],Y[Z==0]) 
[1] 0.43 
> cor(X[Z==1],Y[Z==1]) 
[1] -0.31

Y ⫫ X



Z = 1Z = 0

cols <- c(4,2) 

N <- 300 
X <- rnorm(N) 
Y <- rnorm(N) 
Z <- rbern(N,inv_logit(2*X+2*Y-2)) 

plot( X , Y , col=cols[Z+1] , lwd=3 ) 

abline(lm(Y[Z==1]~X[Z==1]),col=2,lwd=3) 

abline(lm(Y[Z==0]~X[Z==0]),col=4,lwd=3) 

abline(lm(Y~X),lwd=3)

X Z Y
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Collider example
Some biases arise from selection 

Suppose: 200 grant applications 

Each scored on newsworthiness 
and trustworthiness 

No association in population 

Strong association after selection
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Collider example
Some biases arise from selection 

Suppose: 200 grant applications 

Each scored on newsworthiness 
and trustworthiness 

No association in population 

Strong association after selection



Collider example

Awarded grants must have been 
sufficiently newsworthy or 
trustworthy 

Few grants are high in both 

Results in negative association, 
conditioning on award

N TA
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Collider example

Similar examples: 

Restaurants survive by having good 
food or a good location => bad food in 
good locations 

Actors can succeed by being attractive 
or by being skilled => attractive actors 
are less skilled

N TA
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Endogenous Colliders
Collider bias can arise through 
statistical processing 

Endogenous selection: If you 
condition on (stratify by) a collider, 
creates phantom non-causal 
associations 

Example: Does age influence 
happiness?



Age and Happiness
Estimand: Influence of age on 
happiness 

Possible confound: Marital status 

Suppose age has zero influence on 
happiness 

But that both age and happiness 
influence marital status

H AM

Happiness 
Married 
Age



Page 177
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Full workflow starting on page 176

Stratified by marital status, negative 
association between age and happiness 
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X Z Y

The Pipe
X Z Y

The Fork

X Z Y

The Collider The Descendant
X Z Y
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The Descendant
How a descendant behaves 
depends upon what it is 
attached to

A is a “descendant”

X Z Y

A



Y ⫫ X | A

The Descendant
X and Y are causally associated through Z 

A holds information about Z 

Once stratified by A, X and Y less associated

Y ⫫ X

A is a “descendant”

X Z Y

A

if strong enough



Y ⫫ X | Z

     Y 
X     0   1 
  0 418  97 
  1  98 387

A = 0 
     Y 
X     0   1 
  0 387  54 
  1  50  32 

A = 1 
     Y 
X     0   1 
  0  31  43 
  1  48 355

> cor(X,Y) 
[1] 0.61

> cor(X[A==0],Y[A==0]) 
[1] 0.26 
> cor(X[A==1],Y[A==1]) 
[1] 0.29

Y ⫫ X

n <- 1000 
X <- rbern( n , 0.5 ) 
Z <- rbern( n , (1-X)*0.1 + X*0.9 ) 
Y <- rbern( n , (1-Z)*0.1 + Z*0.9 ) 
A <- rbern( n , (1-Z)*0.1 + Z*0.9 )

X Z Y

A

if strong enough



Descendants are everywhere

Many measurements are proxies of 
what we want to measure 

Factor analysis 

Measurement error 

Social networks

X Y

AUB

U: Unobserved confound



Unobserved Confounds
Unmeasured causes (U) exist and can 
ruin your day 

Estimand: Direct effect of grandparents 
G on grandchildren C 

Need to block pipe G –> P –> C 

What happens when we condition on P?

G P
U

C



Course Schedule
Week 1 Bayesian inference Chapters 1, 2, 3
Week 2 Linear models & Causal Inference Chapter 4
Week 3 Causes, Confounds & Colliders Chapters 5 & 6
Week 4 Overfitting / Interactions Chapters 7 & 8
Week 5 MCMC & Generalized Linear Models Chapters 9, 10, 11
Week 6 Integers & Other Monsters Chapters 11 & 12
Week 7 Multilevel models I Chapter 13
Week 8 Multilevel models II Chapter 14
Week 9 Measurement & Missingness Chapter 15
Week 10 Generalized Linear Madness Chapter 16

https://github.com/rmcelreath/stat_rethinking_2022




