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What is Zero Inflation?

Device Recorded
infection
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What is Zero Inflation?

Current If all tests
test results were done

Device Recorded True
infection infection

0 1

0 0

J

Covariates/Features Qutcome Hidden
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Goals in a Zero Inflation problem

Device Recorded True
infection infection

0 1
0 0
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Goals in a Zero Inflation problem

Age Device Recorded | | True
infection infection

23 0 1
42 0 0
67 1 1

34 1

Hurdle model

. . . "
Which statistical model fit the data the best” — Zero-inflated Poisson <

Pr(Age, Therapy, Device, Recorded Infection)
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Missing data: the cousin

Age (C1) @ Therapy Device Recorded | True Indicator
(C2) (C3) infection infection (R)
(X) (X(1))

? 1

0

1

0

Consistency: when R=1, X = X(1), when R=0, X = ?
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Missing data identification for the target law p(X(1))

If G has no self-censoring edge and no colluder, then p(X () is identified given p(X, R)

Nabi, Razieh, Rohit Bhattacharya, and llya Shpitser. 2020. “Full Law Identification in Graphical Models of Missing Data: Completeness Results.” ICML.
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Missing Data vs Zero Inflation

Missing data Consistency: when R=1, Z| Consistency: when R=1, X = X(1),
X =X(1), when R=0, X =7 when R=0, X =0

1) Know which values are incorrect (“?”) 1) Don’t know which Os are incorrect

Don’t know the true values for the

2) Don’t know the true values for the 2)
incorrects

Incorrects

Pirsa: 24090108 Page 10/27



Missing Data v

Missing data Consistency: when R=1,
X=X(1), when R=0, X =7

Know which values are incorrect (“?”)
Don’t know the true values for the

incorrects

1)
2)
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MCAR

@

MNAR

s Zero Inflation

Zl Consistency: when R=1, X = X(1),
when R=0, X =0

Don’t know which Os are incorrect
Don’t know the true values for the

Incorrects

1)
2)

Too

ZI-MAR

@
OO

ZI-MCAR

ZI-MNAR
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Zero Inflation non-id

Now R is unobserved, is p(X(1)) identified from p(X)?

O}

N
\\
b

@

ZI-MCAR

No. p(X(1)) in any ZI m-DAG is non-id
non-parametrically.
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|dentification: what's next?

(=)

04 o6

ZI-MCAR ZI-MAR

®

Recall: if we know p(X, R), we get identification = Find p(X,R)
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Kuroki Pearl method

hidden Question: Identify p(y|x,u) from p(x,y,w) and p(w|u)?

Observed proxy W of hidden U satisfying

1. W is independent of everything given U
2. p(WJU) forms an invertible matrix

3. p(W]U) is given

Kuroki, Manabu, and Judea Pearl. 2014. “Measurement Bias and Effect Restoration in Causal Inference.” Biometrika 101 (2): 423-37.
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Kuroki Pearl method in ZI

o
O-® o—

Proxy-augmented ZI MCAR Proxy-augmented ZI MAR \ ‘

Proxy-augmented ZI MNAR

Question: Identify p(X, R) from p(X,W) and p(W|R)?

Conditions:

1) W indep others given R.

2) p(WJ|R) form an invertible matrix
3) p(W|R) is known.

Pirsa: 24090108 Page 15/27



Kuroki Pearl method

hidden Question: Identify p(y|x,u) from p(x,y,w) and p(w|u)?

1 o e ",‘v’

k
}miszri.v)::EE:[MWthu | x)pr(w | u;).

=1

pr(y, wy | x) pr(wy |uy) --- pr(wy | ug) pr(y, uy [ x)

pr(y, wy | x) pr(wg [ur) -+ pr(wg |ug)) \PrOVuk[x)

%’/_/ N - ’ AN \/_/

l‘t\..‘.(z,") M(w, u) ”’,\'_\'(”)

(known) (known) (unknown)

> | Viy(u) = M(w, )~ Vip(w).

Kuroki, Manabu, and Judea Pearl. 2014. “Measurement Bias and Effect Restoration in Causal Inference.” Biometrika 101 (2): 423-37.
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Kuroki Pearl method in ZI

p(W,X) =) p(W|r)p(r, X)
r
(pwu.zn pu_-.].ml) _ (pm,n, Pu, r1) (pr,],ln p,_“m) Kuroki-
et Puwizg  Puwiay Pwi|rq  Puw|ry Prizo  Priz > e
b p—. ~- ~———~—=~ [ Step
Pw.x PRX

Pw|r

Proxy-augmented ZI MCAR "
PRX = Pw gPW.X

/]
~
> missing data
ID step

Finally, identify p(X(1)) from p(x,w) and p(w|r)?

Know p(R, X) = know p(X(1)) = p(X|R=1)
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Kuroki Pearl method in ZI: Compatibility Problem

%@ Conditions:
e

3) p(WI|R) is known.

Proxy-augmented ZI MCAR

In ZI: p(W|R) is not given = guess

= Not all choices of p(W|R) are compatible to the given p(W, X)
= Task: Find compatible p(W|R)

Compatibility: There is some p(X(1), R, X, W) in the ZI model
yielding both observed p(W,X) and the guess p(W|R).
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Find compatibility set

Full model for Model for marginal p(X, R, W)
o(X(1), X, R, W)

dw r > 0, vr (Zn' qw|r = 1) s Qwyr 7é Qwolry }
Q}/) — mry 0170 0171 .
{ (qw ¥ qRX) ‘ qrx = 0, Zr.\‘ drx = 1, Vx 7é ()(‘/r“.\' — O)

Proxy-augmented ZI MCAR

= Compatibility: There is some p(R, X, W) in the ZI model yielding both
p(W,X) and p(W|R).
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Compatibility bound

/\ identified
pw0|r1 — p'w(]|£C1

(pl('[j o pw()rl)
pwl|r[, p’wl"!’]_

p - =
"

Pw|R

Proxy-augmented ZI MCAR
Find the compatible set by solving

max  £q,,r
‘/H“ I’”

p(w=0|r=0) and p(RX) are free
variables

aw|r = 0, V(X quwir = 1), Gwglry 7 Gwolr = quadratic program

arx > 0, ¥i @i = 1, Gulry = Pl - = Can be solve numerically

S.l.  qw|rR4rRx = PwX
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Compatibility bound: linearize

max ¢,
‘fn“ o

S.L. qw|rRYrXx = Pwx
qw r 2 0, \—/I’(z“.([“, r= I ) Qwo|ro # 9w rpe
qrx > 0, Zr,\' drx = 1, Qwolr; = Pwolx; -

Linear program with only
p(w=0|R=0) is the variable
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Just need to check it is a probability
drx = [Qwir] ' Pwx-

1 I — Qwolr; —Dwglr
(In“ :“_(l'u“ r ([u\“ ro ] q“.“ ro

max =+gq,,
f/“” 0

s.t. §- (1 ~ Gwolr " wo rl) pwx =0
Qwolro — I Qwy|ro S

S Gwyrg > 8- Qwy|ry 0 < Qwylro <1

ro

Qwolry = pn'”\.n 5
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Proxy-augmented ZI MCAR Proxy-augmented ZI MAR * Proxy-augmented ZI MAR

ADW 1L X" |R, A1) Vi, W, LLXD R_; | C,R.. (A1) Vi, W; 1L XV C,R_; | R..

(A2) The matrix py g is invertible. (A27) The matrix py /g is invertible for every value c. (A2%) The matrix py g is invertible.

Ve,Vx # 0, pyoive = Pwolx; 1

V.\‘ ?é 0 pn'() X = pn‘()‘.l‘l Ve, Vx 7é 0, Pwolx,c = Pwy X1,C°

either Vc (Pu'(] X0.C = Pwg|x, ) or Ve (Pu‘“\,\‘”‘c' = Pwglx; )

(/“'U ry - p“'()|‘\'] (]u',, r.c = .’)n‘“ X).C Qwplr; = Pwylx;
[]7.\-” X0’ 1] Pwolxg = Pwolx, [p“‘u x0.C” ” lfp"'n xo.c = Pwolxy.c [maxe Pyyixg.cs 1] i 3C, Puglxg.c > Prwglxy
Gwolro € [().p“.“ ol I Pl < Pragis Suibc = X [0 Prstissal B Pk < Paplicie Gwolry € § [0.ming Py ] i 38, Puging.c < Prgliy »
(O l) \ {pl\'() _\()} I:f])“.“ X0 = [)H'() X (() ] ) \"a {Pl"n- -\Vl;.(‘} I..fph“ X(.C = 17“-” X|,C l() 1 ) \ {pn". Xy } ", ve, pn'(, X() € = p\q. Xp*
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CLABSI

Covariates C

Outcome
(Y)

Peds Chemotherapy OPAT TPN OtherTherapy PICC Port TunneledCVC NHSN_CLABSI

Y

Proxy (W)

EPIC

0 1 0 0
0

0
0
0
0
0
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1

0
0
0

0
0
1

0

0
.1
1

0
0
0
0
0
0
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CLABSI

.\ @ Why R —- W not W — R?

Proxy—augmcntc(l ZI MAR
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CLABSI

1. Full law model p(X, X, R, W, C) Markov to the graph.

@ 2. Fit p(X, W, C) using EM.
(@( 3. Compatible bound p(W | R).

4. Grid search the bound
1. for each p(W | R) get a p(R, X, C).
Proxy-augmented ZI MAR P( | ) g p( )
2. True rate p(XW) =Y _p(X | R = 1,¢)p(c).
(ln‘(]‘i‘[ — Pn‘“ X1
imax(. pn'” Xp,C? l] [/3[ pn'(, X0,C > pu‘“ X1
(/n'“|r(, = () Inin(‘ pm, _\'(,.('] ’/3[ pu'“ X0.C < I)H'() X1
(() l) \ {pn'l, X1 } IIV( P\r“_\'n,(‘ = ])n'(. X
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CLABSI rate
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Proxy-augmented ZI MAR

()—
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EPIC
A EPIC or CRISP
observed rate: 65.49%

¥y
My
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M
ay
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AY
LV
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A%1
‘M. L1+
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adll

0.94 0.96 0.98 1.00
p(W = 0IR = 0)

Proxy-augmented ZI MAR *

CLABSI rate in [0.68, 1.0]
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OO

Proxy-augmented ZI MCAR

(=)
a/
E)—(0)

Proxy-augmented ZI MAR *

Proxy-augmented ZI MAR

(ADW LLXV R,

(A2) The matrix py g is invertible.

(A1) Vi, W, 1L XD R ;| C,R;.

(A27) The matrix py g is invertible for every value c.

(A1) Vi, W; 1L X'V C.R_; | Ri.

(A2%) The matrix py g is invertible.

Va7 0, g =

pn'() ’.\‘1

Ve,Vx # 0, pyoix.c

- I)II'(] X1.C°

Ve,Vx # 0, pyoive =

I)'H'(] X

either Ve (P“'(J X0,C S Pw|x, ) orYc (PH‘()\-\‘U-(' 2 p"'(l\"'l )

Gwylr; = Pwylx

[/)n'“ X0 * ]} lf I’\I'n Xp > /)h'(] X

[() Pwy .\'(.J ":fpn'“ xo < Pwy X

(0, )\ {Pwolxo } ¥ Pwolxo = Pwolxy

(lll'“ o 6
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(l\\’” rp.c = .’)I\'(] X].C

[I)l\‘“ X().C? 1} l-fl)l"[] X0.C > I')\\ 01X .€
[() ])\l“ _\'u.('J I.-fl)\\'(] Xp.C < .p\\ 01X1.,€
(()- 1 ) {pn'n‘_\‘”w} ’..fpn‘“ Xg.C — pu'” X|.C

Qwg|ro.c €

(l’l\‘” ry = P\\“ X]

_n]uxﬁ'l’)l\'() X(,C? l ’f j(-'l’)n“ xp.€ > p\\'n X]?

Gwylre € § [0, min, p | if 3¢, p 5% P13

W X

(0, 1)\ { Pwyix, } iV, Puglrg.c = Pwolx; -

wg | X0.C
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