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Main assumption: modularity
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What would it mean if  modularity is violated?

13
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T
T2
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<latexit sha1_base64="jvV01CkfNNm/jfECptL01IDIO1M="></latexit>

Main assumption: modularity
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What would it mean if  modularity is violated?
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<latexit sha1_base64="jvV01CkfNNm/jfECptL01IDIO1M="></latexit>

Intervention on      not 
only changes

T

<latexit sha1_base64="qn604b7/gcram7F20F/6Z/ALxKU="></latexit>

P (T | pa(T ))

<latexit sha1_base64="6QxptAG4a/C2JuWNX5fFm/zLDvo="></latexit>

Main assumption: modularity
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What would it mean if  modularity is violated?

13

Y

T
T2

T3

<latexit sha1_base64="jvV01CkfNNm/jfECptL01IDIO1M="></latexit>

Intervention on      not 
only changes

T

<latexit sha1_base64="qn604b7/gcram7F20F/6Z/ALxKU="></latexit>

P (T | pa(T ))

<latexit sha1_base64="6QxptAG4a/C2JuWNX5fFm/zLDvo="></latexit>

but also changes other 
mechanisms such as P (T2 | pa(T2))

<latexit sha1_base64="zfe8lg5RsaMxewKNRWIzjPP4ZKE="></latexit>

Main assumption: modularity
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Truncated factorization
Recall the Bayesian network factorization:

14

P (x1, . . . , xn) =
Y

i

P (xi | pai)

<latexit sha1_base64="F93zKVzjPKsjuVV+038ivjNirRc="></latexit>

P (x1, . . . , xn) =
Y

i

P (xi | pai)

<latexit sha1_base64="F93zKVzjPKsjuVV+038ivjNirRc="></latexit>

P (x1, . . . , xn) =
Y

i

P (xi | pai)

<latexit sha1_base64="F93zKVzjPKsjuVV+038ivjNirRc="></latexit>

Main assumption: modularity
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P (x1, . . . , xn | do(S = s)) =
Y

i 62S

P (xi | pai)

<latexit sha1_base64="x+Gs+elJu3bDGhWk+QwriIjKNJs="></latexit>

Truncated factorization

14

P (x1, . . . , xn) =
Y

i

P (xi | pai)

<latexit sha1_base64="F93zKVzjPKsjuVV+038ivjNirRc="></latexit>

P (x1, . . . , xn) =
Y

i

P (xi | pai)

<latexit sha1_base64="F93zKVzjPKsjuVV+038ivjNirRc="></latexit>

Truncated factorization:

Main assumption: modularity
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Y

i 62S

P (xi | pai)

<latexit sha1_base64="x+Gs+elJu3bDGhWk+QwriIjKNJs="></latexit>

Truncated factorization
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P (x1, . . . , xn | do(S = s)) =
Y

i 62S

P (xi | pai)

<latexit sha1_base64="x+Gs+elJu3bDGhWk+QwriIjKNJs="></latexit>

P (x1, . . . , xn) =
Y

i

P (xi | pai)

<latexit sha1_base64="F93zKVzjPKsjuVV+038ivjNirRc="></latexit>

Truncated factorization:

Main assumption: modularity
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P (x1, . . . , xn | do(S = s)) =
Y

i 62S

P (xi | pai)

<latexit sha1_base64="x+Gs+elJu3bDGhWk+QwriIjKNJs="></latexit>

Truncated factorization

14

P (x1, . . . , xn | do(S = s)) =
Y

i 62S

P (xi | pai)

<latexit sha1_base64="x+Gs+elJu3bDGhWk+QwriIjKNJs="></latexit>

P (x1, . . . , xn) =
Y

i

P (xi | pai)

<latexit sha1_base64="F93zKVzjPKsjuVV+038ivjNirRc="></latexit>

if     is consistent with the intervention.x

<latexit sha1_base64="LJpOJYzB2t5657ZrSsW2zVvWgH8="></latexit>

Truncated factorization:

Main assumption: modularity
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P (x1, . . . , xn | do(S = s)) =
Y

i 62S

P (xi | pai)

<latexit sha1_base64="x+Gs+elJu3bDGhWk+QwriIjKNJs="></latexit>

Truncated factorization

14

P (x1, . . . , xn | do(S = s)) =
Y

i 62S

P (xi | pai)

<latexit sha1_base64="x+Gs+elJu3bDGhWk+QwriIjKNJs="></latexit>

P (x1, . . . , xn) =
Y

i

P (xi | pai)

<latexit sha1_base64="F93zKVzjPKsjuVV+038ivjNirRc="></latexit>

P (x1, . . . , xn | do(S = s)) = 0

<latexit sha1_base64="+OYIkMKxFrLh1e1c0PH6uuTQp78="></latexit>

if     is consistent with the intervention.x

<latexit sha1_base64="LJpOJYzB2t5657ZrSsW2zVvWgH8="></latexit>

Otherwise,

Truncated factorization:

Main assumption: modularity
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Simple identification via truncated factorization

15

X

T Y

<latexit sha1_base64="yWiF2RQ7hTVPr7cZisCl4fO65vs="></latexit>

P (y | do(t))

<latexit sha1_base64="EvBHguW/pkQPfKh/wiE+r9GjSkc="></latexit>

Goal: identify

Main assumption: modularity
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Simple identification via truncated factorization

15

X

T Y

<latexit sha1_base64="yWiF2RQ7hTVPr7cZisCl4fO65vs="></latexit>

P (y, t, x) = P (x)P (t | x)P (y | t, x)

<latexit sha1_base64="/OYdEIC1ev5Oom2p4w1L2glxlL4="></latexit>

P (y | do(t))

<latexit sha1_base64="EvBHguW/pkQPfKh/wiE+r9GjSkc="></latexit>

Goal: identify

Bayesian network factorization:

Main assumption: modularity
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Simple identification via truncated factorization

15

X

T Y

<latexit sha1_base64="yWiF2RQ7hTVPr7cZisCl4fO65vs="></latexit>

P (y, t, x) = P (x)P (t | x)P (y | t, x)

<latexit sha1_base64="/OYdEIC1ev5Oom2p4w1L2glxlL4="></latexit>

P (y, x | do(t)) = P (x)P (y | t, x)

<latexit sha1_base64="1OjL7qXHYYPy3mrekMlhQ/zel/E="></latexit>

P (y | do(t))

<latexit sha1_base64="EvBHguW/pkQPfKh/wiE+r9GjSkc="></latexit>

Goal: identify

Bayesian network factorization:

Truncated factorization:

Main assumption: modularity
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Simple identification via truncated factorization

15

X

T Y

<latexit sha1_base64="yWiF2RQ7hTVPr7cZisCl4fO65vs="></latexit>

P (y, t, x) = P (x)P (t | x)P (y | t, x)

<latexit sha1_base64="/OYdEIC1ev5Oom2p4w1L2glxlL4="></latexit>

P (y, x | do(t)) = P (x)P (y | t, x)

<latexit sha1_base64="1OjL7qXHYYPy3mrekMlhQ/zel/E="></latexit>

P (y | do(t)) =
X

x

P (y | t, x)P (x)

<latexit sha1_base64="YXOaEGfuIJpeheTujZW3/w/ZRoU="></latexit>

P (y | do(t))

<latexit sha1_base64="EvBHguW/pkQPfKh/wiE+r9GjSkc="></latexit>

Goal: identify

Bayesian network factorization:

Truncated factorization:

Marginalize:

Main assumption: modularity
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Association vs. causation revisited

16

X

T Y

<latexit sha1_base64="yWiF2RQ7hTVPr7cZisCl4fO65vs="></latexit>

P (y | do(t)) =
X

x

P (y | t, x)P (x)

<latexit sha1_base64="YXOaEGfuIJpeheTujZW3/w/ZRoU="></latexit>

Main assumption: modularity
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Association vs. causation revisited

16
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T Y

<latexit sha1_base64="yWiF2RQ7hTVPr7cZisCl4fO65vs="></latexit>

P (y | do(t)) =
X

x

P (y | t, x)P (x)

<latexit sha1_base64="YXOaEGfuIJpeheTujZW3/w/ZRoU="></latexit>

P (y | do(t)) 6= P (y | t)

<latexit sha1_base64="bM8nLzEOt+9CaYGJPzqtoudytXw="></latexit>

Main assumption: modularity
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Association vs. causation revisited
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T Y

<latexit sha1_base64="yWiF2RQ7hTVPr7cZisCl4fO65vs="></latexit>

P (y | do(t)) =
X

x

P (y | t, x)P (x)

<latexit sha1_base64="YXOaEGfuIJpeheTujZW3/w/ZRoU="></latexit>

P (y | do(t)) 6= P (y | t)

<latexit sha1_base64="bM8nLzEOt+9CaYGJPzqtoudytXw="></latexit>

X

x

P (y | t, x)P (x)

<latexit sha1_base64="U69gwgGgfusOiUaoz0zhpq1klLE="></latexit>

Main assumption: modularity
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X

x

P (y | t, x)P (x | t) =
X

x

P (y, x | t)

= P (y | t)

<latexit sha1_base64="ssHxrqdd/accNxbBseq9iWMLdZY="></latexit>

Association vs. causation revisited

16

X

T Y

<latexit sha1_base64="yWiF2RQ7hTVPr7cZisCl4fO65vs="></latexit>

P (y | do(t)) =
X

x

P (y | t, x)P (x)

<latexit sha1_base64="YXOaEGfuIJpeheTujZW3/w/ZRoU="></latexit>

P (y | do(t)) 6= P (y | t)

<latexit sha1_base64="bM8nLzEOt+9CaYGJPzqtoudytXw="></latexit>

Main assumption: modularity
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X

x

P (y | t, x)P (x | t) =
X

x

P (y, x | t)

= P (y | t)

<latexit sha1_base64="ssHxrqdd/accNxbBseq9iWMLdZY="></latexit>

X

x

P (y | t, x)P (x | t) =
X

x

P (y, x | t)

= P (y | t)

<latexit sha1_base64="ssHxrqdd/accNxbBseq9iWMLdZY="></latexit>

Association vs. causation revisited
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T Y

<latexit sha1_base64="yWiF2RQ7hTVPr7cZisCl4fO65vs="></latexit>

P (y | do(t)) =
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x

P (y | t, x)P (x)

<latexit sha1_base64="YXOaEGfuIJpeheTujZW3/w/ZRoU="></latexit>

P (y | do(t)) 6= P (y | t)

<latexit sha1_base64="bM8nLzEOt+9CaYGJPzqtoudytXw="></latexit>

Main assumption: modularity
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x
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P (y, x | t)

= P (y | t)

<latexit sha1_base64="ssHxrqdd/accNxbBseq9iWMLdZY="></latexit>
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x

P (y, x | t)

= P (y | t)

<latexit sha1_base64="ssHxrqdd/accNxbBseq9iWMLdZY="></latexit>

X

x

P (y | t, x)P (x | t) =
X

x

P (y, x | t)

= P (y | t)

<latexit sha1_base64="ssHxrqdd/accNxbBseq9iWMLdZY="></latexit>

Association vs. causation revisited
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<latexit sha1_base64="yWiF2RQ7hTVPr7cZisCl4fO65vs="></latexit>

P (y | do(t)) =
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x

P (y | t, x)P (x)

<latexit sha1_base64="YXOaEGfuIJpeheTujZW3/w/ZRoU="></latexit>

P (y | do(t)) 6= P (y | t)

<latexit sha1_base64="bM8nLzEOt+9CaYGJPzqtoudytXw="></latexit>

Main assumption: modularity
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x

P (y | t, x)P (x | t) =
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x

P (y, x | t)

= P (y | t)

<latexit sha1_base64="ssHxrqdd/accNxbBseq9iWMLdZY="></latexit>

X

x

P (y | t, x)P (x | t) =
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x

P (y, x | t)

= P (y | t)

<latexit sha1_base64="ssHxrqdd/accNxbBseq9iWMLdZY="></latexit>
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x

P (y | t, x)P (x | t) =
X

x

P (y, x | t)

= P (y | t)

<latexit sha1_base64="ssHxrqdd/accNxbBseq9iWMLdZY="></latexit>
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<latexit sha1_base64="yWiF2RQ7hTVPr7cZisCl4fO65vs="></latexit>

P (y | do(t)) =
X

x

P (y | t, x)P (x)

<latexit sha1_base64="YXOaEGfuIJpeheTujZW3/w/ZRoU="></latexit>

P (y | do(t)) 6= P (y | t)

<latexit sha1_base64="bM8nLzEOt+9CaYGJPzqtoudytXw="></latexit>

Main assumption: modularity
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x
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x

P (y, x | t)

= P (y | t)

<latexit sha1_base64="ssHxrqdd/accNxbBseq9iWMLdZY="></latexit>
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P (y | t, x)P (x | t) =
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x

P (y, x | t)

= P (y | t)

<latexit sha1_base64="ssHxrqdd/accNxbBseq9iWMLdZY="></latexit>
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x

P (y, x | t)

= P (y | t)

<latexit sha1_base64="ssHxrqdd/accNxbBseq9iWMLdZY="></latexit>
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<latexit sha1_base64="YXOaEGfuIJpeheTujZW3/w/ZRoU="></latexit>

P (y | do(t)) 6= P (y | t)
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Main assumption: modularity
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<latexit sha1_base64="ssHxrqdd/accNxbBseq9iWMLdZY="></latexit>

Association vs. causation revisited

16

X

T Y

<latexit sha1_base64="yWiF2RQ7hTVPr7cZisCl4fO65vs="></latexit>

P (y | do(t)) =
X

x

P (y | t, x)P (x)

<latexit sha1_base64="YXOaEGfuIJpeheTujZW3/w/ZRoU="></latexit>

P (y | do(t)) 6= P (y | t)

<latexit sha1_base64="bM8nLzEOt+9CaYGJPzqtoudytXw="></latexit>

Main assumption: modularity



Brady Neal / 38

X

x

P (y | t, x)P (x | t) =
X

x

P (y, x | t)

= P (y | t)
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Main assumption: modularity
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The do-operator

Main assumption: modularity

Backdoor adjustment

Structural causal models

A complete example with estimation

Backdoor adjustment
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Blocking backdoor paths

18

W2

W1 W3C

MT Y

<latexit sha1_base64="ox3/eARyg5DmkB3v3xif3G1icUY="></latexit>

P (Y | t)

<latexit sha1_base64="e1lOcgeC/uNMrGHnQ+sWTUeehG4="></latexit>

Backdoor adjustment
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Blocking backdoor paths

18

W2

W1 W3C

MT Y

<latexit sha1_base64="ox3/eARyg5DmkB3v3xif3G1icUY="></latexit>

Causal association

P (Y | t)

<latexit sha1_base64="e1lOcgeC/uNMrGHnQ+sWTUeehG4="></latexit>

Backdoor adjustment
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Blocking backdoor paths

18
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MT Y

<latexit sha1_base64="ox3/eARyg5DmkB3v3xif3G1icUY="></latexit>

Causal association

P (Y | t)

<latexit sha1_base64="e1lOcgeC/uNMrGHnQ+sWTUeehG4="></latexit>

Backdoor adjustment
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W2

W1 W3C

MT Y

<latexit sha1_base64="ox3/eARyg5DmkB3v3xif3G1icUY="></latexit>

Causal association

Blocking backdoor paths

18

W2

W1 W3C

MT Y

<latexit sha1_base64="ox3/eARyg5DmkB3v3xif3G1icUY="></latexit>

Causal association

P (Y | t)

<latexit sha1_base64="e1lOcgeC/uNMrGHnQ+sWTUeehG4="></latexit>

Backdoor adjustment
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W2

W1 W3C

MT Y

<latexit sha1_base64="ox3/eARyg5DmkB3v3xif3G1icUY="></latexit>

Causal association

Blocking backdoor paths

18

W2

W1 W3C

MT Y

<latexit sha1_base64="ox3/eARyg5DmkB3v3xif3G1icUY="></latexit>

Causal association

P (Y | do(t))

<latexit sha1_base64="iujnjdutQ2FSUe13EUZSH6cY1Dc="></latexit>

P (Y | t)

<latexit sha1_base64="e1lOcgeC/uNMrGHnQ+sWTUeehG4="></latexit>

Backdoor adjustment
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W2

W1 W3C

MT Y

<latexit sha1_base64="KqMCR3oJ8MsHZCl3/+GlE0wlJEU="></latexit>

Causal association

Blocking backdoor paths
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W1 W3C

MT Y

<latexit sha1_base64="ox3/eARyg5DmkB3v3xif3G1icUY="></latexit>

Causal association

P (Y | do(t))

<latexit sha1_base64="iujnjdutQ2FSUe13EUZSH6cY1Dc="></latexit>

P (Y | t)

<latexit sha1_base64="e1lOcgeC/uNMrGHnQ+sWTUeehG4="></latexit>

Backdoor adjustment
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W2

W1 W3C

MT Y

<latexit sha1_base64="KqMCR3oJ8MsHZCl3/+GlE0wlJEU="></latexit>

Causal association

Blocking backdoor paths

18

W2

W1 W3C

MT Y

<latexit sha1_base64="Z7rlzBpTi+dPmukn+wKc7khHqvg="></latexit>

Causal association

P (Y | do(t))

<latexit sha1_base64="iujnjdutQ2FSUe13EUZSH6cY1Dc="></latexit>

P (Y | t, c, w2)

<latexit sha1_base64="0uFmwvyNqMaIY0MPd3xbNmsdXkI="></latexit>

Backdoor adjustment
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W2

W1 W3C

MT Y

<latexit sha1_base64="KqMCR3oJ8MsHZCl3/+GlE0wlJEU="></latexit>

Causal association

Blocking backdoor paths

18

W2

W1 W3C

MT Y

<latexit sha1_base64="51Yeggyy1qsnh/tCWQIBxk6KQHY="></latexit>

Causal association

P (Y | do(t))

<latexit sha1_base64="iujnjdutQ2FSUe13EUZSH6cY1Dc="></latexit>

P (Y | t, c, w1)

<latexit sha1_base64="uIw4TggSV4zRXErZUZK6oKtW/TY="></latexit>

Backdoor adjustment
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W2

W1 W3C

MT Y

<latexit sha1_base64="KqMCR3oJ8MsHZCl3/+GlE0wlJEU="></latexit>

Causal association

Blocking backdoor paths

18

W2

W1 W3C

MT Y

<latexit sha1_base64="RTOfT2kT5YRxU5DAqe+VA6VyPZ0="></latexit>

Causal association

P (Y | do(t))

<latexit sha1_base64="iujnjdutQ2FSUe13EUZSH6cY1Dc="></latexit>

P (Y | t, c, w1, w3)

<latexit sha1_base64="JvC8GozPcIqTcYQgyxQeduzncCc="></latexit>

Backdoor adjustment
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Backdoor criterion and backdoor adjustment

19Backdoor adjustment
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Backdoor criterion and backdoor adjustment
A set of  variables      satisfies the backdoor criterion relative to     and      
if  the following are true:
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Question:
How does this backdoor adjustment relate 
to the adjustment formula we saw in the 
potential outcomes lecture?
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The do-operator

Main assumption: modularity

Backdoor adjustment

Structural causal models

A complete example with estimation

Structural causal models
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Causal mechanisms and direct causes revisited
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Structural causal models (SCMs)
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M :

B := fB(A,UB)

C := fC(A,B,UC)

D := fD(A,C,UD)
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blocking causal association
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See Elwert & Winship (2014) for many real examples of  collider bias

Structural causal models

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6089543/


Questions: 
1. What are are the nonparametric 

structural equations for this causal graph?
2. What are the endogenous and exogenous 

variables in this causal graph?
3. What is collider bias?
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The do-operator

Main assumption: modularity

Backdoor adjustment

Structural causal models

A complete example with estimation
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Problem: effect of  sodium intake on blood pressure
Motivation: 46% of  Americans have high blood pressure and high blood 
pressure is associated with increased risk of  mortality

Data:
• Epidemiological example taken from Luque-Fernandez et al. (2018)
• Outcome Y: (systolic) blood pressure (continuous)
• Treatment T: sodium intake (1 if  above 3.5 mg and 0 if  below)
• Covariates

• W age
• Z amount of  protein excreted in urine

• Simulation: so we know the “true” ATE is 1.05

34A complete example with estimation
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The causal graph
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(naive): 5.33

X = {W,Z}

<latexit sha1_base64="7F5LQSN9+7EGgMA3ckJQ9S1Cpy4="></latexit>

(last week): 0.85

X = {W}

<latexit sha1_base64="QstbZwFkUH60queI15N7Ys7pkDs="></latexit>

(unbiased): 1.0502|1.0502� 1.05|
1.05

⇥ 100% = 0.02%

<latexit sha1_base64="g830mffE0Q9uBM2UYp1+mNtSyP0="></latexit>

error

error

error

W

T Y

Z

<latexit sha1_base64="OGd/a5T4CbqhF+aQoKIpj1aMbjw="></latexit>

A complete example with estimation
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M-bias

38

W

T Y

Z

<latexit sha1_base64="o5hh8FaDg9p9yo1lv+He9FgVesY="></latexit>

A complete example with estimation
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M-bias

38

W
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Z

<latexit sha1_base64="6BKNIZDcPHdTQI/CSbmMhwiP1zI="></latexit>

A complete example with estimation



Brady Neal / 38

M-bias

38

W

T Y

Z

<latexit sha1_base64="6BKNIZDcPHdTQI/CSbmMhwiP1zI="></latexit>

Z2

T Y

Z1 Z3

<latexit sha1_base64="G2AZo5RG4QNosKsPXv04NMaiEj4="></latexit>

A complete example with estimation



Brady Neal / 38

M-bias

38

W

T Y

Z

<latexit sha1_base64="6BKNIZDcPHdTQI/CSbmMhwiP1zI="></latexit>

Z2

T Y

Z1 Z3

<latexit sha1_base64="1kpDF7rFw4ar5mXEjbj8xXDgmHk="></latexit>

A complete example with estimation


