eAppendixl Quantification of bias due to classification error in a
confounding variable

1 Conditional model

Under the assumptions and notation described in section of the main article and by the
law of total expectation, the expected value of the outcome Y given the covariates A and L*
is,

E[Y|A, L") = By [E[Y|A, L* L] = Egur-a+ BA+L]
= a+ BA+~E[L|A, L7]
= a+ A+ YPar
= {a+70w} + {8+ (P10 — ¢00) } A
+ {7(do1 — doo) }L* + v(P11 — P10 — do1 + Poo) AL,

which relies on the assumption that L* is non-differentially misclassified with respect to the
outcome (i.e., L* 1LY |L) and includes an interaction between A and L*. Further, ¢4 is
the probability that confounding variable L is one, given that treatment A is a and that
misclassified confounding variable L* is [*, or,

bar = P(L=1|A=a,L* =1
P(A|L =1,L* = I")P(L = 1|L* = I")
P(A=dL* =)

P(A = alL = 1)P(L = 1|L* = I)
P(A=d|L* =)

P(A = a|L = 1)2E = lL=000=)
P(A=dL" =)

P(A=a|L =1)P(L* = I*|L = 1)P(L = 1)
P(A=d|L* = ) P(L* = I)

AL =) (1 — py) U pT

(1 —m)0mam (1 = Hi=mes

Here ¢ = P(L* = I*) = po(1 — A) + p1A and 7. is the probability of receiving treatment
A given that the misclassified confounding variable L* = [*. Note that the above is only
defined if 0 < ¢ < 1 and 0 < 7/s < 1. To satisfy that 0 < £ < 1, we use our assumption that
0 < A < 1, and additionally, we assume that if pg = 1 then p; # 1, and if pyg = 0 then p; # 0
(and vice versa). Under the assumption that 0 < ¢ < 1, it follows that,

T = P(A=1|L* =1
= SPA=1L"=0",L=0)P(L=IL" =1
= S PA=1L=0P(L=IL"=10)
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P(L*=U|L =1)P(L=1)
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= Xm

we find that 0 < 7% < 1, if, again, 0 < A < 1, and if py = 1 then p; # 1, and if py = 0 then
p1 # 0 (and vice versa) and 0 < m < 1 (positivity assumption).

The bias in the regression based estimator of the effect of A is v(¢p10—dgo) if the interaction
between A and L* is included in the model. However, in this model, the coefficient for A
now represents the treatment effect given that L* is null. Typically, only main effects of A
and L* are included in a regression model of Y conditional on A and L*:

Ear-a-{EY[A L]} = {a+7¢00} + {8+ v(d10 — ¢oo) A + {7(do1 — ¢oo) } L*
+ (11 — b10 — Go1 + Poo) E[AL"|A, L]
= {a 4700 + dup} + {8+ v(d10 — ¢o0) + duatA
+ {v(do1 — Poo) + dur-}L",

where ug, ua, and uy« are the coefficients of the linear model E[AL*|A, L*| = ug+usA+ur-L*
and 0 = y(p11 — P10 — o1 + ¢oo). Here,

. = Var(L*) Cov(A, AL*) — Cov(A, L*) Cov(L*, AL*)
4 Var(L*) Var(A) — Cov(A, L*)? ’

" Var(A) Cov(L*, AL*) — Cov(A, L*) Cov(A, AL*)
L = )

Var(L*) Var(A) — Cov(A, L*)?
uy = AL* —uysA—up-L*,

where AL*, A, and L* denote the mean of A times L*, A, and L*, respectively.

If we want to express uy and up« in terms of A\, my, 71, po, and p;, we can write a linear
model for A conditional on L* denoting that P(A = 1|L* = [*) = 7}, and using standard
regression theory to get an expression for Cov(A, L*):

~ Cov(A, L)

E[A|L*] = ny + (n] —my)L*, 7] — @5 = Var(L) thus Cov(A, L") = (m] — ) Var(L"),

where Var(L*) = ¢(1 — (). Since E[AL*|L* = 0] = 0 and E[AL*|L* = 1] = E[A|L* = 1] = 7],
it follows,

~ Cov(AL*, L¥)

E[AL*|L*] = =fL*, =)= Varl) thus  Cov(AL*, L") = 7w} Var(L").

Equivalently, since E[AL*|A = 0] = 0 and E[AL*|A = 1] = E[L*|A = 1], it follows that,

P(A=1|L* = 1)P(L* =
P(A=1)

E[AL*|A] = E[L*|A=1]A= Dy
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mil  wil  Cov(AL*, A) il
E[L*|A=1] = &, L =""2"2"2"" thus Cov(AL*,A)= - A).
lA=1 = T TS ST s Cov(AL' 4) = T Var(4)

Here, Var(4) = w(l —w), and Var(L*) = ¢(1 — ¢). Denoting that w = P(A = 1) =
75 (1 — ) + wj¢. Combining the different expressions gives,

“ il /wVar(A) Var(L*) — 7t (nf — wf) Var(L*)?
Var(A) Var(L*) — (m — mo)? Var(L*)?
miljwVar(A) — m} (7 — 7g) Var(L*)
Var(A) — (m — mp)? Var(L*)
- (1 —w) — 7y (my —mp)(1 —{)
R (R ey
R T T e [
o 7y Var(A) Var(L*) — mjl/w(m} — n}) Var(A) Var(L*)

Var(L*) Var(A) — (77 — m5) Var(L*))?
miw — m(mt — )
w = (mf = m)? Var(L*) /(1 - w)
mim (L=t )¢+ mimg(L— g ) (1= ()
(mf — @)+ (w5 — 75 ) (1= )
uyg = AL* —usA — up-L*.

The intercept, the coefficient for A and the coefficient for L* of the conditional regression
model for Y given A and L* which includes only main effects of A and L* are, respectively:

a + Yoo + dug,

5+7(¢10_¢00)<1_€x {(ﬂ_ﬂl )54:(;01_70 )(1—6)}>

%2

T — T }>
(m} =7 )+ (75 — 75 )(1 = 4)
and (o1 — ¢oo) + durs.

+ (P11 — ¢01)<£ x {

2 Marginal structural model estimated using inverse probability
weighting
Under the assumptions described in section of the main article, an MSM-IPW under
model (2) is estimated by fitting a linear regression model for A on Y, where each subject i is

weighted by 1 over the probability of that subject’s observed exposure given the misclassified
confounding variable L*. Hence, an MSM-IPW proceeds by solving the weighted regression
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A

Solving these equations for ay,e, and [ result in the following estimators:
> e gy (Vi = Yo ) (Ai — Aur)

Omsm = 7w* - Amsmzw* and 3= = )
’ ’ >ic1 pamy (Ai — Awr)?

where,

v . Zz 1 Z/P(A |L*> and A — Z?:l Ai/P(Ai|Lf)
T YL /PANL) T XL /PALLY)

Let n}, be the number of subjects with A = @ and L* = [* and ny be the number of subjects
with A =a and L =[. In a population of n subjects,

niy = nP(A=0,L" =0) =nP(A=0|L* = 0)P(L* = 0)
= niP(A = 0|L =1,L* = 0)P(L = I|L* = 0)P(L* = 0)
- ni P(A=0|L =0)P(L=1|L* = 0)P(L* = 0)
= niP(A —0|L=10)P(L=10)P(L* =0|L =1
= noo(l —po) +nor(1 = p1),

which relies on the assumption that L* is non-differentially misclassified with respect tot the
exposure (i.e., L* 1L A|L). Equivallently,

Ny = nNooPo + noip1, Mg = nio(l —po) + (1l —p1) and ny; = niepo + naips.

Hence,

n

> 1/P(AIL;) = ;Zl[p(Ai]L;‘,L:l)P(LZZ\L?)]

=1

1
- Z P(A|L =1)P(L =1[L7)]
n%o 1 ngy 1

> S0 —m)PL =1L =0)] ' 2 Sl =m)P(L =1L = 1)]
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Here,
nzéo 1 _ noo(1 — po) + no1(1 — p1) _
Yl —m)P(L =I|L* = 0)] (1 —mo)P(L =0|L*=0)+ (1 —m)P(L =1|L* =0)

noo(1 —po) + no1(1 —p1) .

P(L*=0|L=0)(1-)) (L*=0|L=D))\
(1 - 7T0) P(L*=0) + (1 - 7T1) P(L*=0)

noo(1 — po) +no1(1 — p1)
aA=oy (L — po) + wpii=s; (1 — p1)
1
1/(nP(L* =0))
= nP(L*=0)=n(1-1),

ng1 1
Zz, (1—m P(L:l|L*:1)] nb( ) =nt.
— nP(L*=0)=n(1-10),
Zzlﬂ'l —l’L*—O)] ( ) ( )
ny 1

2 SumP(L=1L=1)]
From these expressions it follows that,

> 1/P(A|L}) = 2n(1 — £) + 2nl = 2n.

Further,
3 E[Y] S E[Y]
ZE WPAIL) = 3 S = P (E =i =0)] T 2= S0 = m)P(L = E = 1)
2o E[Y]] et E[Y}]

ZZl[mP( L =I[L* = 0)] +ZzlmP L=IL*=1)]
B atyP(L=1]A=0,L" =0) a+yP(L=1A=0,L" = 1)
N ZZZ[(I—m) P(L =1L = 0)] Zz, (1 —m)P(L =1L =1)]

"f:a+ﬁ+yp(L: 1|/A=1,L" = 0) Za+ﬁ+fyP(L: 1A=1,L*=1)
> [mP(L =1|L* = 0)] >mP(L =1|L* = 1)]
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na(l =€) +ny(1 = £)poo + nal + nyger + n(a+ 5)(1 —£) + ny(1 — £)éro
n(a+ B8)¢+ nyn
2na+nf +ny(1 = €)(doo + ¢10) + nyl(dor + d11),

i+

and,

* *
10 11

n 1 1
;Ai/P(AALi) =y S P =1 =0 3 S P IL =T

= n(l—=po)(1—=X)+n(l—p)A+npe(l =) +np A =n.

Combining these expressions leads to,
E[Y o] = a+ B/2+v/2(1 — £)(doo + b10) + 7/20(do1 + ¢11) and Ay =n/2n = 1/2,

and,

LA = A)? (
L PAL T = mP(L =L =0
(
)

i=

el (1-1/2)
t L S RPL =L =0

X
11

(1-1/2)2
2 2ulmP(L=1L* =1)]

= 1/4x Y 1/P(A]L}) =n/2.

- E[(Y; — Yw*)](Ai - Zw) o % B4 — /2000 + /41 — ) (¢oo + b10) + /4 (P01 + P11)
- 2al(1=m)P(L =I|L* = 0)]

nz& B/4—7/2¢01 + /41 — £)(Poo + ¢10) + 7/4l(Po1 + P11)
2l =m)P(L =1L* =1)]

<9 B4+ /2610 — v/4(1 = £)(doo + d10) — 7/4(do1 + b11)
2 S mP(L = I[L* = 0)]

L /4 4 7/2611 — 7/4(L = 0) (oo + $r0) — 7/4(do1 + Pu1)

2 dulmP(L =1L* = 0)]

= n(1—=0)(B/4—=7/2¢00 + v/4(1 = £)(doo + P10) + /4 (o1 + P11))
+ nl(B/4 —v/2¢01 + /41 — £)(Poo + H10) + v/4(Po1 + P11))
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n(l —0)(8/4+v/2d10 — v/4(1 — €)(¢oo + ¢10) — 7/4l( o1 + d11))
nl(B/4+7/2¢11 — v/4(1 = 0)(¢oo + b10) — v/4(do1 + ¢11))
n/2(B(1 =€) + Bl —v(1 = £)doo — Vo1 +Y(1 — £)p10 + Vl11)
n/2(8 +v(1 = £)(é10 — ¢o0) + V(P11 — do1)-

I+ +

The above mentioned leads to the following expression for the expected estimated value of
the effect of A, based on the MSM-IPW,

~

E[ﬁ] =3+ ’Y(¢10 - ¢00)(1 - g) + ’Y(¢11 - ¢01)€ and E[@msm] = a+ ’)’/2 X [2(1 - £)¢oo + 2£¢01)]
= a+vpoo(l = L) + vPun .
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eAppendix2 lllustration: quantitative bias analysis of classification
error in a confounding variable

Using an example study of blood pressure lowering therapy, we illustrate how the bias
expressions in section of the main article can be used to perform a quantitative bias analysis
for misclassification of a confounding variable. For our illustration we use data of the National
Health And Nutritional Examination Survey (NHANES) [36, 37]. Specifically, we study the
average treatment effect of diuretic use (A = 1) in comparison to beta blocker use (A = 0) on
systolic blood pressure (Y') using two approaches: by inverse weighting with the propensity
for diuretic or beta blocker use given self-reported categorical body mass index (BMI) (L*),
and using a conditional linear regression with adjustment for self-reported categorical BMI.
This supplement comprises background material that complements the motivating example
in the main article. Additionally, equations are derived to inform the quantitative bias
analysis.

NHANES. The NHANES survey consists of questionnaires, followed by a standardized
health examination in specially equipped mobile examination centers. In the 2011-2014
sample 19,151 participants were physically examined. Of the 19,151 physically examined
people, 12,185 participants aged over 16 were asked to fill out a questionnaire, including
questions on self-reported weight and height, used to calculate self-reported BMI. For this
illustration, we used complete data on 585 users of diuretics and 824 users of beta blockers
(excluding non-users and people using both).

Parameters estimated in NHANES. In the NHANES data, it was found that the
prevalence of self-reported overweight /obese was 0.77 (¢), the probability of receiving treat-
ment given that one self-reports to be underweight /normal weight is 0.32 (7)), the probability
of receiving treatment given that one self-reports to be overweight /obese is 0.44 (77). Finally,
the association between L* and Y, given that A = 0 estimated in a conditional regression
model including an interaction between A and L* was -6.63.

BMI measured by trained technicians. In the NHANES, anthropometric measures
were also taken by trained health technicians. By using these measures to calculate BMI
category, we found that the specificity of self-reported BMI category was 0.94 (p;), and the
sensitivity was 0.92 (pp = 0.08). The average treatment effect (95 % CI) of diuretics use in
comparison to beta blocker use on mean blood pressure was -3.59 (-5.84; -1.35) estimated
using MSM-IPW (by inverse weighting with the propensity for diuretic or beta blocker use
given categorical BMI). Given that a subject is not overweight/obese, the fitted weights
were 1.48 and 3.09 for beta blocker and diuretics use, respectively. Given that a subject
is overweight /obese, the fitted weights were 1.77 and 2.30, respectively. In comparison, if
self-reported categorical BMI was used, the fitted weights slightly differed: 1.46, 3.17, 1.79
and 2.26, respectively. Consequently, estimates of the average treatment effect differed,
depending on the BMI measure that was used to calculate the inverse probability weights
(-3.59 using categorical BMI versus -3.52 using categorical self-reported BMI (Table 3, main
article)).

Performing a quantitative bias analysis. To inform a quantitative bias analysis,
one needs to specify the bias parameters for sensitivity (p;) and specificity (1 — py) using
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external validation data, internal validation data, or an educated guess. From the data, one
can estimate the prevalence of misclassified confounding variable L* (i.e., £), the probability
of receiving treatment given that L* is null (i.e., ) and the probability of receiving treatment
given that L* is one (i.e., 7). We calculate the probability of receiving treatment given that
L is null or one (i..e, my, and 7, respectively) using the data and the assumed values of pg
and p;. Since,

ot mo(1 —po)(1 —A) +mi (1 —pi)A
0 (1-10)

1—A A
and 7TT:Wopo( )+ mip1 7

14

it follows that if py = 1, m = «§ and if p; = 0, 7y = 7} (using that 0 < ¢ < 1, as used in
eAppendix1 section 1). Further, if p = 1 and 0 < p; < 1, we obtain,

mopA — mil
(1=4)

m =7y, and my=

Additionally, if p; = 0 and 0 < py < 1, we obtain

mo(1 =€) — 77 (1 —po)(1 — A)
\ .

T =m;, and m =

If we assume that pg # 1 and p; # 0 and use our assumption that 0 < A < 1, it follows that,

7T0:7TS<1—€)—7T1<1—]?1))\ Wl:ﬂfﬁ-’ﬂ'opo(l—)\).
(1=po)(1—=2A) piA

By rewriting the expression for m; using the expression for g, it follows that,

(eA2.1)

it — mopo(1 — )\)

™ =

P1A

B U= v LU,
N P1A
B mil = (mg (1 =€) = (1 — p)A) 755y
B pl/\

il — (1 — £) =2 a — 7+ (l(lp;gpoz\ﬁ
N p1/\
_ mil = (1 = 0) 5t (1 po (1—]91)270
— T

mA T

o oml (L= 0)gE L (L=pp
a 1A (1 — Po)P1
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Consequently,

qo (=popy o Wm0 Dnty
(1 - po)pl P1IA 7
Ty (1-0) 7205

_ P1A

mo= (1—po)p1—(1—p1)po

(1—po)p1
I Gl ok ey (1 —po)p
= X . (eA2.2)
DI (1 —po)p1 — (1 — p1)po

From expression (eA2.2) we now obtain a value for 71, which we use to obtain a value for
from expression (eA2.1). We calculate the prevalence of L (i.e., A) by,

¢ — po
P1 — Do

A=py, ifpy=p; and A= otherwise.

Subsequently, the expressions for my, m; and A can be used to obtain estimates for ¢,
using the expression in eAppendix1, section 1. Lastly, an estimate for v can be obtained by
fitting a conditional regression model on Y given A and L*, including an interaction between
A and L*. The coefficient for L* from this model is then divided by (¢o1 — ¢o0) to get an
estimate for 7, holding that ¢g; # ¢g9. The inequality ¢g; # oo holds if pg # pq, in the case
that po = p1, v is not identifiable from the data (and thus, bias is not identifiable). The bias
expressions (3) and (4) in the main text of the article can subsequently be used to calculate
bias in the average treatment effect estimator.
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