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Web Appendix 1. Background: Data structure, identi-
fying assumptions and MSM definitions

We consider a study where the following measurements are taken on each of n study subjects
(assumed i.i.d): A, is the subject’s value of the exposure of interest (e.g. depression), L,
the value of a time-varying covariate (e.g. alcohol use disorder) occurring between A; ; and
Ay at each time t = 0,1,2 with A_; = 0 by convention. Let Y be a subject’s value of the
outcome of interest (e.g. stroke) at an end of follow-up time occurring after A,. We denote
the history of a random variable using overbars; for example, Ay = (A, A1, Ay). We make
the simplifying assumptions that in this study Y is measured for all n subjects, there are no
competing events, no loss to follow-up and no stroke events that occur prior to ¢t = 2. We
also make the simplifying assumption that L, is constant for all n subjects.

Let Y% denote the counterfactual outcome for a subject had, contrary to fact, we inter-
vened to set Ay to some @y = (ag, a, az) and suppose the following identifying assumptions

hold:

1. Consistency 1: If Ay =@, then Y = Y®
2. Exchangeability 1: Y% [[ ALy, A1 = @1, t =0,1,2

3. Positivity 1: f(@_1,0;) #0 = f(as|@_1,l;) > 0 w.p.1, t = 0,1,2, for [, any possible

realization of L; in the study.

Exchangeability 1 holds under the causal diagram of Figure 2 in the main text by the absence
of any unblocked backdoor paths between A; and Y conditional on A, ; and L;, t = 0, 1,2
[1]. A stronger version of this assumption holds in Figure 1 of the main text where we can
understand L, = @.

Remark on notation: In the main text, we used notation D,, D,,, and D; in place of Ay,
Ay and A,, respectively; d., d,, and d; in place of ag, a; and as, respectively; and AUD,,
and AUD; in place of Ly and Lo, respectively.

Following [2], under these identifying assumptions, we can write the counterfactual risk of
stroke under intervention @y, or Pr[Y® = 1], as the g-formula characterized by @,, which in
this simple setting can be written as the following function of the above observed variables:

h(as, a, ap) =
ZPT[Y = 1|4y = ag, Ly = lo, Ay = a1, Ly = Iy, Ao = aol f(l2|ar, b, ao) f(lr]ao) (1)
la,l1

where f(lg'CLl, l17 (Io) = PI'[LQ = l2’A1 = aq, Ll = ll, AO = al] and f(lllCLQ) = PI'[Ll = 11’A0 =
ao].



As in the main text, the following is a marginal structural model assumption for Pr[Y® =
1]
Pr[Y® = 1] = exp{t)o + t1az + 1201 + 13ao} (2)

which, given the identification results above, is equivalent to the following model assumption
on the g-formula:
h(az, a1, ap) = exp{1o + 1as + Va1 + Y¥zao} (3)

We also consider a study identical to that above but with the complication that Ay is
not observed. In this case we might more naturally consider the alternative counterfactual
risk Pr[Y*% = 1]; i.e. the risk of stroke under an intervention where A, is set to ay and A,
is set to a; (and no intervention is made on Aj). Consider the following alternative versions
of consistency, exchangeability and positivity:

1. Consistency 2: If (A1, As) = (a1, az2) then Y = Yo
2. Exchangeability 2: You H A1|L1 and Y929 H A2|L2, Al = a, L1

3. POSIthlty 2: f(lg,(ll,ll) 7£ 0 = f(a2|l2,a1,l1) > OWpl and f(ll) 7é 0 =
flaa],l) > 0 w.p.1

Provided these assumptions hold, again, following Robins (1986), we can write the counter-
factual risk Pr[Y*>»* = 1] as the following function of measured variables which does not
depend on the unobserved Ag:

m(ag, ay) =

ZPI‘[Y = 1|A2 = a27L2 = lQ,Al = CL1,L1 = ll]f(l2|a1, l1>f(l1) (4)

la,l1

We might analogously impose a marginal structural model on Pr[Y*>® = 1] as a function
of (ag,ay)
Pr[y®® = 1] = exp{no + maz + n2a:} (5)

which given our alternative identifying assumptions is equivalent to the observed data model
assumption
m(az, al) = exp{no + niaz + 772(11} (6)

Importantly, the alternative version of our identifying assumptions above equating Pr[Y %% =
1] to the observed data function m(as, a;), which ignores Ay, do not hold under either Figure
1 or Figure 2 by the fact that Ay is a common cause of both Y and future exposure in these
Figures. By this we say Aj is an unmeasured confounder for effects of joint interventions
on A; and Ay on the outcome Y. Thus, even if the model (6) is correctly specified, the
parameters 77 would not encode causal effects in this case —i.e. the models (5) and (6) would
not simultaneously hold for some 7.



However, we now show that, given both the MSMs (2) and (5) are correct and under
certain additional conditions, we will have that ¢; of the MSM (2) will equal 7; of the MSM
(5), 7 = 0,1,2. By this, under conditions where we can compute a consistent estimator of
n;, it is also a consistent estimator of ;.

Theorem 1: Suppose the following are true: (i) as in Figure 2, Exchageability 1 holds for
t = 0; (ii) the following Consistency assumption holds

e Consistency 3: If Ay = ag then Y% = Y 92,491,900

and (iii) both the MSMs (2) and (5) are correctly specified. Then v, of the MSM (2) equals
n; of the MSM (5), j = 0,1, 2 Note Consistency 3 can be equivalently stated as follows: For
an individual who is observed to have Ag = ag, we can equate that individual’s outcome that
would be observed in a world where there is no intervention on Ay and only his/her values
of Ay and A, are intervened on and set to a; and as, respectively, to the outcome we would
have observed for that individual had we also intervened to set his/her Ay to ao.

Proof: By probability laws, Consistency 3 and Exchangeability 1 we have

Prye® =1] =} Pr[y™ = 1|Ag = ao] f(ao)

ag

_ Zpr[yaz,al,ao — HAO = ao]f(ao)
_ Zpr[yamahao — 1]f(a0) (7)

By the MSMs (2) and (5), along with (7) we have

exp{ny} = Pr[y=2=0m=0 = 1]
= Pr[y 0700 = 1]f(a,)
=Y exp{t} f(ao)
= exp{t} Y f(ao)

= eXP{%}



Also
Pr[YG,g:l,ali() — 1]
Pr[Ye2=0,a1=0 — 1]

3, Priy®=ta=0e — 1]f(a)

exp{m} =

~ 5, Pl = 1] flag
D ay exP{to + ¥} f(ao)
B Zao exp{?o} f(ao)

= exp{t1} > _ f(ao)
= exp{?1}

and
Pr[ya=0m=1 = ]|
Pr[Ye2=0,a1=0 — 1]

D g, Pryee=tm=leo = 1]f(ao)
X, Prlyestata = 1]f(a)
D ay exP{t0 + ¥} f(ao)

B Zao eXp{¢o}f(a0)

= exp{tha} > _ f(ao)
= exp{2}

exp{na} =

End Proof.



Web Appendix 2. Data generating models

2.1 Simulation with time-varying confounding

The following parametric models were used to generate 10,000 datasets of n = 100,000
measurements of (Ag, L1, Ay, La, A2, Y") such that time-varying confounding affected by past
exposure is present:

e Ay: constant logistic regression model:

logit{Pr[Ay = 1]} = (8)

e [;: logistic regression model, possibly depending on Ajg:

logit{Pr[L; = 1|Ao|} = Bo + 140 (9)

e A;: logistic regression model, possibly depending on Ag, L;:

logit{Pr[A; = 1|Ly, Ao]} = ap + a1 Ly + az Ay (10)

e [y: logistic regression model, possibly depending on Aj:

logit{Pr[Ls = 1[A1, L1, Ao]} = Bo + P14 (11)

e A, logistic regression model, possibly depending on Ay, Ls:

logit{Pr[A2 = 1|L2, Al, Ll, Ag]} = + CY1L2 + a2A1 (12)

Y logistic regression model, possibly depending on Ay, L1, A1, Ly, As:

10g1t{PI‘[Y = 1|A27 LQ, Al, Ll, Ao]} = 00 + 01142 —f- (92L2 + 93A1 + 04[/1 —I— 85140 (13)

SAS code to implement this simulation along with estimators described in Sections 3.1 and
3.3 can be found in the Web Appendix 5.

2.2 Simulation without time-varying confounding

The following parametric models were used to generate 10,000 datasets of n = 100,000
measurements of (Ag, Ay, As,Y):



Ap: constant logistic regression model:

logit{Pr[Ay = 1]} = (14)

Ajq: logistic regression model, possibly depending on Ajg:

loglt{Pr[Al = 1|A0]} = ap + OélAQ (15)

Ag: logistic regression model, possibly depending on A;, Ay:

logit{Pr[As = 1|A1, Ao]} = o + a1 A1 + ax Ay (16)

Y logistic regression model, possibly depending on Ag, Ay, As:

loglt{Pr[Y = 1|A2, Ala Ao]} = )\0 + )\1142 + )\2141 + >\3A0 (17)

SAS code for simulating data and implementing estimators described in Section 3.2 can be
found in Web Appendix 5. Data generating models and parameters differed in this simulation
from those of Section 2.1 by two key differences. These include the absence of any dependence
of Y or A, at any time on L,. In addition, we allow the complication that A, depends on
Ay conditional on A; in this case such that Ay is an unmeasured confounder for the effect of
A on Y — by selecting s # 0 in the model (16). This complication was absent in Section
2.1. There, Ay was not an unmeasured confounder for this effect as we did not allow A,
to depend on Aj in the model (12). The fact that we allow as # 0 in the model (16) here
has implications for model misspecification in implementing IPW estimators when Ay is not
measured which we describe below.



Web Appendix 3. Bias and estimation

3.1 Bias due to inappropriate adjustment for time-varying con-
founding (no late study start/all variables observed)

In each of the 10,000 data sets generated from models in Section 2.1, we applied two es-
timators of the MSM coefficient vector (t1,19,13) in model (3): an inverse probability
weighted (IPW) estimator under the model assumption (3) and a maximum likelihood esti-
mator (MLE) of (0y,03,05) in the logistic regression model (43). IPW estimates in each of
the datasets were constructed by fitting a logistic regression model with dependent variable
Y and independent variables Ay, A1, Ay weighted by subject specific stabilized weights with
denominator the product of the MLE of f(A;|4; 1, L;) over t = 1,2 under the known data
generating logistic regression models (10) and (12) and numerator a product of the MLEs of
f(A;|A;_1) over t = 1,2 based on corresponding logistic regression models [3].

Bias is defined as the mean of an estimator of a given true parameter minus the true
parameter value. In this case, the parameter(s) of interest are causal effects as encoded by
contrasts in Pr[Y? = 1] for differing values of @3. As above, given our nonparametric identi-
fying assumptions (consistency, exchangeability, positivity), our parameter(s) of interest are
in turn encoded by contrasts in the g-formula h(a,) for differing values of @,. By defining
bias with respect to the true values of the coefficients ¢ in the model (3) we are inherently
assuming that this model is correct. For example, we would like to interpret 5 as the causal
effect of A; on Y had we intervened to set Ay = ay and Ay = ag for all subjects. However,
this is not the correct interpretation (even if our causal identifying assumptions hold) if this
effect is different depending on the value of ay and/or ag. In this case, the model (3) should
include interaction terms. Further, even if (3) is correctly specified under our data gener-
ating models, it is not immediately clear from these models what the corresponding true
value of v is as it is by definition a complex function of the parameters of data generating
model coefficients by the definition of h(as) in (1). Without knowledge of this true value,
bias cannot be computed.

We now prove that the model (3) is correctly specified under the data generating models
of Section 2.1 and give formulas for the true values of these coefficients as functions of the
data generating coefficients (5, 6) under the assumption of a rare outcome (which may be
accomplished by selecting 6y large negative in all scenarios). These formulas were used to
compute the true values of ¥ and corresponding bias in Table 1 and 3 of the main text. For
further discussion, see [4].

Theorem. 2: Given our data generating models (8) through (43) and a rare outcome, the
MSM (3) is correctly specified with true ¢ defined as



by = log {exp(&o) {exp(ﬁz + 5o) n 1 } {exp(64 + Bo) N 1

L+exp(fo)  T+exp(fo) ) | 1+exp(Bo) 14 exp(fo)

(I
B {GXP(92+50+61) + 1 }—
¥ = log |ex (0 ) 1+€XP(Bo+p1) 1+€XP(Bo+pH1)
27108 | XPUs {exp(ezwo) L }
L 1+€XP(Bo) 1+eXP(Bo) i
r {exp(94+5o+61) 4 1 }“
¢ — loo |ex (0 ) 1+€XP(Bo+p1) 1+€XP(Bo+pH1)
3 & PYs {exp(94+50) + 1 }
| 1+exXp(Bo) | 1+€XpP(Bo) ]

Proof: By definition, we can write:

h(ay) = exp{to + 1az + Vo1 + Y3a0 + Yaazar + PYsasag + Ysarao + Yrasarag}

Further, given our data generating model (43) and rare outcome we have
Pr[Y = 1|As, Lo, Ay, Ly, Ao = exp{6y + 01As + 0Ly + 03A; + 0,11 + 05A0}
By (20), our other data generating assumptions and (1) we also have
h(as) = h(ag, ar,ag) = exp{fy + b1as + O3a1 + Osa0}h™ (a1, ap)

where

h*(ai,ao) = Z exp{baly + 0411} f(I2|a; B) f(li|ao; B)

la,l1

with f(l2]ar; B) and f(l1|ag; B) defined as in models (11) and (9), respectively.

By (19) and (21) we then have:

e exp{tp} = h(0,0,0) = exp{fo}h*(0,0) where

1+ exp{fz + Bo} + exp{bs + Bo} + exp{b + 01 + 25}
(14 exp{fo})?
_ (1 + exp{0y + 50}) (1 + exp{0s + 50})
1+ exp{Bo} 1+ exp{fo}

1*(0,0) =

(18)

(19)

(20)

(21)

(22)



X {1/1 + } - h(l,0,0) - exp{e +6 }h*(0,0) o
exp{in} = eﬂ)(pf%}l = oxprio] = explaophn) — oPifi}

_ eXP{votye} _ h(0,1,0) _ €XP{fo+03}h*(1,0)
exp{¥2} = “expli) - = oXDlw] =  eXDIBIA 00

= exp{eg}% where

1+ exp{bs+ Bo + 51} + exp{0s + Bo} + exp{f2 + 04 + 200 + (1}

P(1,0) = (1 + exp{Bo + Bih)(L + exp{Bo})
B (1 + exp{fy + By + 51}) (1 + exp{fs + 50})
- 1+ exp{Bo + (1} 1 +exp{fo}
In turn

eXP(02+pHo+p51) + 1 }
1+€XP(Bo+p1) = 1+€XP(Bo+p1)
h*(0,0) o exp(f2+5o) + 1
1+eXpP(Bo) 1+€XP(Bo)

exp{is} = eXp{vot+ys} _ _h(0,0,1) _ €XP{fo+05}h*(0,1) _ exp{0s)

exp{vo}  eXp{vo} _  exp{fo}h*(0,0) where

h*(0,1)
7*(0,0)

1+ exp{fs+ Bo} + exp{bs + Bo + 1} + exp{bs + 04 + 260 + (1}

h*(0,1) =
o1 (T + exp{BoP)(L + exp{fo + 51
_ <1 + exp{fs + Bo}> (1 + exp{0s + Bo + 51})
1+ exp{fo} L +exp{fBo + B1}
In turn
eXP(Oa+fotFr) | 1 }
h* (0, 1) B 1+eXP(Bo+B1) 1+€XP(Bo+P1)
h*(0,0) {GXP(94+60) L1 }
1+€XP(Bo) 1+€XP(Bo)
_ eXDP{go+it+otia} h(1,1,0) _ __OXP{lo+0:+63}h"(1LO)R*(00)  _ 4
XP{Va} = TeRplyotiatva] = OXDUvo i 1T — CXDIoo}h* (0.0)XD0: 10515 (10)
_ eXP{dot1tist+iys}t _ h(1,0,1) — __OXP{lo+01+65}h* (0,DR*(0,0)  _ 4
eXp{Us} = ~oxpliotiatvs] = EXPldo A TT5] — EXP{A}h*(0.0)eXDTf: F81h (0]
_ eXp{votv2tistye} Rh(0,1,1) _ __ eXP{o+03+05}th*(1,1)h*(0,00h*(0,0)  _
XP{V6} = “expliottatial — OXDlhorhatda} — SXDI0oIh (0.0)6XD{0ars}h 0,1k (10)
W(1L1AT(0.0) o

7 (0,1)h* (1,0)

1+ exp{fs + Bo + (1} + exp{Os + Bo + S1} + exp{Os + 04 + 28y + 261 }

h*(1,1) = (14 exp{Bo + 51})(1 + exp{Bo + S1})

_ (1 + exp{02 + Bo + ﬂl}) (1 + exp{bs + Bo +51})
N 1+ exp{Bo + 51} 1 +exp{fo + 51}

By this and definitions of h*(1,0), ~*(0,1) and ~*(0,0) above, we have % =

1.



exp{to + Y1 + P2 + V3 + Vs + 5 + s + 17}
exp{tho + Y1 + g + 3 + a4 + s + Y6 )
h(1,1,1)
exp{tho + Y1 + 2 + V3 + Py + s + Y6}
exp{fy + 61 + 05 + O5}h*(1,1)h*(0,0)h*(0,0)h*(1,0)R*(0, 1)
exp{6o }h*(0,0)exp{#; + b5 + 05 }h*(1,0)h*(0, 1)h*(1,1)h*(0,0)
=1

exp{yr} =

End proof.

Note the following special case of Theorem 2: When we set 05 = 64 = 0 (i.e. there is no
confounding by L; or Ls) or ; = 0 (confounders are not affected by past exposure), then
1y = 03 and 13 = 05. Thus, Theorem 2 clarifies that a standard MLE regression estimator of
0 in the model (43) will recover ¢ only when there is no time-varying confounding affected
by past exposure. By contrast, an IPW estimator under the MSM (3) will recover ¢ in this
case as it recovers h(ay) when (3) is correctly specified [5].

3.2 Bias due to late study start (A; unobserved) in data without
time-varying confounding

Note that, when there is no time-varying confounding (L, = @), the g-formula h(as, a1, ag) in
(1) reduces to Pr[Y = 1|Ag, Ay, Ag]. It immediately follows that, under the data generating
model (17) of Section 2.2 and a rare disease assumption:

Pr[Y = 1|As, Ay, Ao = exp{ Ao + A\ Az + A1 + N340} (23)
the model (3) holds with A\; =, j =0,...,3.

To each of the 10,000 data sets generated under the models in Section 2.2, we calculated
the MLE of § in the model

loglt{Pr[Y = 1|A2, Al]} = 50 + (51142 + (52141 (24)

which ignores Ag. We now show that this model is misspecified under these data generating
models even when (23) holds.

Theorem 3. Given our data generating models (14) through (17) as well as rare disease
(23), we have approximately

PI‘[Y = 1|A2 = A9, Al = al] = exp{(50 + 51@2 -+ 52(11 + (53&1&2} (25)



with

exp{As + apfer +c
dy = log {exp(/\o) ( Z){(p?‘){ao};}-: C2 2>]

5 — {exp ) (eXP{)\s + g + aster + CQ) ( expi{ap}cr + ¢ )]
b ' exp{ap + as}er + ¢ exp{As + ap}cr + ¢

exp{\s+ag+ates + exp{ap}cy + o
52 eXp )\2
exp{ao + 061}03 +c4 exp{)\g + 060}01 + c

eXp{A3+ao+a1+a2}C3+C4 eXpP{As+ao}citeca
eXp{ao “+a1 +O{2}03 “+c4 eXp{ao}Cl —+c2

eXp{/\3+ao+a2}cl +c ) <eXp{>\3+ao+a1}63+C4 )

6XP{aotaz}er+es 6XP{aotar}estes
and
& = (14 exp{ao})’
¢z = (1 + exp{ag + a2})(1 + exp{ag + an})
= (1 + exp{ao})(1 + exp{ao + a1 })
cs = (1 4+ exp{ag+ a1 + az})(1 + exp{ag + a1 })

Proof: Let q(ag,a1) = Pr[Y = 1|As = as, A1 = a;]. By definition, we can write:
q(ag, al) = exp{(50 + (51&2 + (52611 + 53(11&2} (26)
Also by definition

] flazlay, ao) f(ailao) f(ao)

a,a PI‘ Y =1|A ZG,A :aaA =a
— Z A2 = ap, Ay = ar, Ao "3 flazlar, ag) f(aslao) f(ao)

(27)

which, by our data generating assumptions of this section and (23), gives approximately
q(az,a1) = exp{ Ao + A\as + A2a1 }q¢" (az, ay) (28)

where

Zao exp{Asao} f(azlay, ao; ) f(a1|ao; ) f(ao; )
Zao faz|ar, ao; @) f(a1]ao; &) f (ao; @)

with f(as|ai, ap; ), f(ai|ag; @) and f(ag; ) defined as in models (16), (15) and (14), respec-

tively.

¢ (az,a1) = (29)

By (26) and (28) we then have:

o exp{do} = ¢(0,0) = exp{Ao}¢*(0,0)

exXp{do+d1} (1,00 _ exXp{ro+Ai}g*(1,0) *(1,0
o exp{d} = expgéo}l e}q(p{ao} - expfxo};*céo,m = exp{\i } &=




_ exXp{do+d2} __ (0,1) _ exXp{ro+Ar2}g*(0,1) *(0,1)
o exp{d} = expgsof = e>q(p{50} = exp{o/\o}?;*(o,()) = eXP{)\Z}Z*(o,O)
eXP{do+d1+02+03} q(1,1) _ eXp{ro+Ai+Ar2}g*(1,1)g*(0,0)¢*(0,0)

e cxp{d3} = *(1,1)g* (0,0
PU03S = “oxplaotoitost  eXDloo+o1toz}  EXD{ho+th Azl (0,0 (1,0)q* (0,1)

b )
*(1,0)g*(0,1)

_ 4
q

% eXP{As+ap}tci+ca  « eXP{A3+aptastci+ca  «
Our results follow by ¢*(0,0) = Shlertealate g« o) — SLatartcalate g 1) —

e’g’jpﬁf;o_‘f;ﬁgff and ¢*(1,1) = eiﬁgﬁ;ﬁ;ﬁ;ﬁiif204 under (23) and our data generating

assumptions of Section 2.2. End Proof.

Note the following special cases of Theorem 3:

e If \3 =0 (i.e. relative to Figure 1 in main text, Ay is not a direct cause of Y ) then
51 = )\1, 52 = /\2 and 53 = 0.

e If ay = 0 (i.e. relative to Figure 1 in main text, Ay is not a direct cause of Ay) then
(51 == )\1 and 53 =0.

e If a; = 0 (i.e. relative to Figure 1 in main text, Ay is not an indirect cause of A,
through A;) then d; = Ay and d3 = 0.

As A\ =~ 1 and Ay = 19 under the data generating models of Section 2.2 given (23), this
shows that bias in the MLE of d; and 0, based on the misspecified model (24) for 1, and
19, respectively, is a function of A3, a; and as.

3.3 Bias due to late study start (Ay unobserved) in data with time-
varying confounding (IPW versus standard regression)

We consider here the case of late-study-start (here meaning a study where Ay is not mea-
sured) such that time-varying confounding affected by past exposure may also be present.

In each of the 10,000 data sets generated under the models of Section 2.1, we applied
two estimators of the MSM coefficient vector (g, 1, 12) of the model (3). The first is an
I[PW estimator of n under the model (6) with stabilized weights such that the denominator
of the weight was defined as an estimate of Pr[A; = 1|L1] x Pr[As = 1|Ls, A;] under the

saturated model (0 L)
exXp1®o + ¢1L1

Pr[A; =1|L4] = 30

1"[ 1 | 1] 1 +€Xp{¢0 +¢1L1} ( )

and the data generating model (12) for Pr[A; = 1|Ly, 44].

The second estimator is an MLE of the regression parameters v in the model

PrlY = 1|As, Lo, A1, L1] = exp{yo + 1142 + V2 Lo + v3A1 + y4L1 } (31)



The model (30) is a saturated model and therefore correctly specified. Further, under
our data generating model (12), Pr[Ay = 1|Lq, A;] = Pr[Ay = 1|Ls, Ay, Ly, Ag]. Therefore,
this model is correctly specified for Pr[Ay = 1|Ls, A;] under our data generating mechanism.
In the following we further show that the model (6) is correctly specified under the data
generating models of Section 2.1.

Theorem 4: Given our data generating models (8) through (43) and rare outcome (20),
the model (6) is correctly specified with

no = log [exp(By)m™*(a; = 0)]
m = 0

1y = log exp(%)%} (32)

where

m*(ay) = Z exp{bala} f(la]ay; B) %

lo
Zao exp{0sao} f(a1|li, ao; ) f(l1|ao; B) f (ao;
2 exp{OAl} =2 g Fllao 517 o o)

& Z f(li]ao; B) f(ao; )

(33)
Proof: By definition we have
m(az, a1) = exp{no + Mmaz + 1201 + N3a20; } (34)
By (20), our other data generating models and (4) we also have
m(ag, a1) = exp{y + O1as + O3a, }ym*(ar) (35)

By (34) and (35) we then have

o exp{no} =m(0,0) = exp{fo}m*(0)

_ eXPlmotm} _ m(1.0) _ €XP{fo+bi}m*(0) _
* xP{M} = “explne) = m(0) = explaoyme©) — PO}

_exXp{no+m2} _ m(0,1) _ €Xp{Oo+O3}m*(1) m* (1)
o exp{np} = exﬁfnf = m(0,0) exp?eo}?;n*(o) = exp{03}m*—(0)

_ eXP{mo+m+n2tns} m(1,1) _ €XPLlo+01+033m* (1)m*(0)
o exp{ns} = exXpi{no+m-+n2} ~ eXplmo+m+nz} ~ €XP{Oo+01+05tm*(0)m*(1) 1




End Proof.

Corollary 4. If either 5 = 0 or ap = 0 (i.e. Ag is not a confounder for the effect of A;
on Y') then n, of (32) is equivalent to ¢, of (47).

By (32) and f(ls|a; = 1;3) chosen as the data generating model (11), if #5 = 0 then

m*(a =1) >, exp{bolo} f(lalar = 1;8) 3= exp{als} 3_,, f(lilao; B) f (ao; @)
m*(ay = 0) >, exp{bala} f(lalar = 0; 8) > exp{bali} >, f(li]ao; B) f(ao; @)
( )
( )

2 exp{thla} f(lb]ar = 1; 8
>, expi{bhlat f(lzlar = 0; 8

€XP(O2+Bo+pB1) + 1

1+€XP(Bo+p1) 1+eXP(Bo+p51)
€XP(02-+06o) 1
1+€eXP(Bo) 1+eXP(Bo)

Alternatively, if ag = 0 then

m*(ay =1) Yo, exp{lla}f(llar = 1;8) > exp{0sli} >_, exp{bsa0} f(l1]ao; B) f(ao; @)
m*(ar =0) >, exp{balo} f(lo]ar = 0;8) 32, exp{fla} 3, exp{bsao}f(li]ao; B)f(ao; @)

o exp{bala} f(la]ar = 1; 8)

> 1, €xpi{thla} f(l2]ar = 0; B)

{exp(92+ﬁo+ﬂ1) 1 }
14+eXP(Bo+p51) 1+eXP(Bo+p51)
{exp(92+ﬂo) 1 }
14+€XP(Bo) 1+€XP(o)

End Proof. Theorems 2 and 4 with Corollary 4 confirm that, if Ay is not a confounder for
the effect of future exposure on Y, then an IPW estimator can recover v, and s of the
model (3) even when Ay is unobserved.

We now show that the model (31) is misspecified under our data generating models of
Section 2.1 when A is a confounder of the effect of future exposure on the outcome.

Theorem 5: Given our data generating models and rare outcome (20), we have approxi-
mately

Pr[Y = 1|Ay, Ly, A1, L] = exp{yo + 1 A2 + v2 Lo + v3A1 + val1 + 75A1 L1 } (36)

where
~o = log [exp(6p)r*(a; = 0,1; = 0)]
m = bth
Y2 = 05



vy = log {exp(eg) (01 + exp{fs + as + a0}02> < c1 + exp{ag}es )]

c1 + exp{as + ap}en c1 + exp{lfs + ap}co

c3 + exp{fs + B + 060}64) ( c1 + exp{ag}es )]
c3 +exp{f1 + ao}c c1 + exp{fs + aotes
c3+E€XP{05+az+B1+ap}ca c1+€XP{0s5+ap}ca
03+eXp{a2+ﬂ1+ao}C4 Cl+eXp{a0}02

75 = log
c1+€XP{Os+az+ag}ce c3+€XP{0s5+B1+ao}cs
c1+eXP{az+ap}tca c3+eXP{Bi+aotes

74 = log [exp(94) (

and
c1 = (14 exp{ag + az})(1 + exp{fo + 51})

e = (1 +exp{ao})(1 + exp{So})
cs = (1 +exp{ag + a1 + a2})(1 + exp{fo + £1})
ca = (1 +exp{ag + a1 })(1 + exp{fo})

Proof: Let r(ag,ls, a1,l1) = Pr[Y = 1|As, Lo, Ay, L1]. By definition we have

r(ag, la, a1,l) =

exp{Yo + 71az2 + Yelo + 301 + Yals + ysa1ls + Yeazar + yrasly + Ysloar + Yolaly + Yroazle+

Y1azlear + yi2a2a1ly + Yi3aslaly + y1alaarly + yi5a2leaqly }

Also by definition

r(ag,ly,a1,ly) = ZPY[Y =1|Ay = ag, Ly = ls, Ay = a1, Ly = 11, Ag = ag) X
ao

flar|ly, ao; @) f(I1]ao; B) f (ao; @)
Zao flai|ly, ao; ) f(l1]ao; B) f (ao; @)

Then by (20) and our other data generating models
r(ag, la, a1, 1) =exp{fo + O1az + O2ly + O3a1 + 0411 }r* (a1, 1)

where

Zao exp{Osao} f(ai|ly, ao; @) f(li]ao; B) f (ao; @)
Zao flai|ly, ao; &) f (l1]ao; B) f (ao; @)

r*(al, ll) =

Equations (37) and (39) give

e exp{v} =r(0,0,0,0) = exp{6y}r*(0,0)

(37)

(38)

(39)

(40)



_explyotm} _ r(1,0,00) _ exXP{lo+6:}r(0,0)
exp{n} = exp?vo}l = explo) expgeo}tﬂ*(o,O) = exp{0:}

_exp{ro+r2} _ 7(0,1,00) _ €xXp{ho+62}r*(0,0)
exp{72} = “exprol = expho) =  expla)r0) — P02}

_exp{v+y3} _ r(0,0,1,0)  €Xp{o+063}r*(1,0) r*(1,0)
exp{y3} = exp%ﬂg = exXplo) expgeo}i*(o,O) = exp{fs} = *(0,0)

_exp{yot+v4} _ 7(0,00,1) _ €xXp{lo+04}r*(0,1) r*(0,1)
exp{71} = “exppol = explo} = explaeoo — Pt =g

ox { } _ exXp{vo+yz+tyatys} r(0,0,1,1) _ exXp{Oo+03+04}r*(1,1)r*(0,0)r*(0,0) _ r*(1,1)r*(0,0)
PUVS = “explioctrs+tnt eXDlotystoa}  €XP{Oo+0s+04}r (0,0r (L0 (0,1) — r(1,0)r(0,1)
eXp{yvo+vi+y3+y6} _ r(1,0,1,0) _ exXp{Oo+6:1+03}r*(1,0)r*(0,0) __
exp{6} = “explotiiosl — EXplotuin] = oXplaota o (00 (L) — ¢
e { } _ Xp{rotyityatrr} _ r(1,0,0,1) _ exXp{0o+61+04}r*(0,1)r*(0,0) 1
PUVTS = “expliotn+nl | eXPlwotnda) | €XP{lo+oi0a}r (0,0)r (0,1)
exXp{yo+y2+ys+ys} 7(0,1,1,0) _ exp{fo+02+63}r*(1,0r7(0,0)
exp{s} = “explotiniosl — EXDlot ] — XplAotaatosr (00 (o) — ¢
ex { } _ exXp{vot+y2+yatre} _ r(0,1,0,1) _ exXp{o+02+04}r*(0,1)r*(0,0) 1
PUY9S = “explrotratoat  XPlrotyatya)l  €XP{Oo+02-+041r(0,0)*(0,1)
ex { } _ exXp{vo+1i+r13+m0} _ 7(1,1,0,0) _ exXp{o+61+02}r*(0,0) 1
PUN0S = “explotntis}  eXPlwotntys)  €XP{loto+0:}(0,0)

exp{yo + 71 + 72 + 73+ % + 8 + Y10 + 711}
exp{yo+ 71 + 72 + 73+ % + 75 + Y10}
r(1,1,1,0)
exp{yo + 71 + 72 + 73+ + %6 + s + Y10}
_exp{fy + 01 + Oy 4 3}r*(1,0)r*(0,0)
~exp{fy + 01 + 05 + 03}3r*(0,0)r*(1,0)

=1

eXp{%l} =

exp{yo +71 + 73+ + % + % + 7 + Y12}
exp{yo + 71 +73+ v+ v+ + e}
r(1,0,1,1)
exp{"o + 7 + 73+ 71 + 5 + 6 + 7}
_exp{fy 4 01 + 05+ O4}r*(1,1)r*(0,0)r*(0,0)r*(1,0)r*(0,1
—exp{fo + 01 + 05+ 0,3r*(0,0)r*(1,0)r*(0, 1)r*(0,0)r*(1, 1)
=1

eXP{Vu} =

~—




exp{y0 + 7 + Y2 + 7 + v + Y + Y10 + 713}
exp{y0 + 71 + 72 + 71 + 7+ Y + Y0}
r(1,1,0,1)
exp{70 + 71 + 72 + 71 + 77 + Yo + 10}
~exp{fy + 01 + 0y + 04}r7(0,1)r*(0,0)
N eXp{e() + 91 + 92 + 94}’/“*(0, 0)7‘*(0, 1)
=1

eXp{’YB} =

exp{Yo + 72 + 73 + Y4 + V5 + V8 + Yo + Y14}
exp{70 + 71 + 72 + Y4+ 77 + Y9 + Y10}
r(0,1,1,1)
exp{7+72+73+ v+ + 8+ %}
~exp{fy + 0z + 05 + O4}r*(1,1)r*(0,0)r*(0,0)r*(1,0)r*(0,1)
—exp{fy + 0y + 05+ 043r(0,0)r*(1,0)r*(0, 1)r*(1,1)r*(0,0)
=1

eXp{m} =

exp{yo +m +72+ ...+ 74+ M5}
exp{yo + v + Y2+ ...+ 714}
r(1,1,1,1)
exp{yo+ 7 +2+ ... + 714}
exp{fy + 01 + 05 + O3 + 04 }r*(1,1)r*(0,0)r*(0,0)r*(1,0)r*(0, 1)
exp{fy + 01 + 05 + O3 + 04 }r*(0,0)r*(1,0)r*(0, 1)r*(1,1)r*(0,0)
=1

exp{yi5} =

Our results follow by

r*(1,0) <01 + exp{fs + as + 060}02) ( c1 + exp{ap}es )
(0,0) c1 + exp{as + ap}es c1 +exp{ls +aptea )’

r*(0,1) (03 + exp{0s + (1 + ao}c4) ( c1 + exp{ag}eo )
(0,0) ez +exp{f + ap}cy c1 + exp{0s + ap}eo

and
c3+EXP{b5+az+p1+ap}ca c1+E€XP{Os5+ap}ea
T*(l, 1)T*(0, O) . C3+eXp{a2+ﬁ1+a0}C4 Cl-i-eXp{Oco}CQ
7"*(1, 0)7“*(0, 1) o c1+€XP{bs+astag}ca c3+CXP{bs5+p1+ao}ca
c1+€XP{aztap}ea c3+€XP{B1+ao}cs

given the data generating models (10), (9), (8) for f(a1|l1,ao; ), f(l1|ao; B), and f(ag; ),
respectively. End Proof.

Note the following special cases of Theorem 5:



o If 65 = 0 (i.e. relative to Figure 2, if Ay is not a direct cause of Y ) then 3 = 0s,
v4 = 04 and 5 = 0.

o If oy = 0 (i.e. relative to Figure 2, if Ay is not a direct cause of A;) then 3 = 05 and
V5 = 0.

o If oy = 0 (i.e. relative to Figure 2, if Ay is not an indirect cause of A; through L)
then v, = 6, and 75 = 0.

Thus bias in a standard regression based on the model (31) for 6 of the model (43) is a
function of 65, a; and ay. Following Theorem 2, bias in this estimator for ¢ is further a
function of 65, 04 and ;.



Web Appendix 4. Simulation with time-varying con-
founding affected by past exposure and “collider bias”

We have shown above that, when time-varying confounders are affected by past exposure, an
outcome regression will not recover the true parameters of the MSM, even when identifying
assumptions hold and even in the complete absence of model misspecification. Generally,
the reason for this failure is that, in this setting, the outcome regression quantifies a con-
ditional association that is not equal to the causal effect encoded by this MSM: this is a
total time-varying treatment effect in the study population, capturing all paths by which
the time-varying treatment affects the outcome. However, under the particular data gener-
ating scenarios considered above, the outcome regression parameters may still be linked to
some (unarticulated) direct effect due to the absence of unmeasured common causes of the
measured confounders and the outcome. The assumption of no unmeasured common causes
of the measured confounders and the outcome is generally a strong assumption. Violation of
this assumption would not only prevent a standard outcome regression from recovering our
articulated total effect encoded by the MSM but, in general, prevent such a regression from
recovering any causal effect [2, 5].

To illustrate the more realistic setting where unmeasured common causes are present,
we extended scenario to allow the presence of an unmeasured common cause W of the
measured confounders and the outcome but restrict that W does not affect exposure at any
time (ensuring exchangeability). The data generating models of Section 2.1 were used for
this scenario but with the following modifications:

e IV was generated according to a constant logistic regression model:

logit{Pr[W = 1]} = wy (41)

e [, was generated according to a logistic regression model, possibly depending on Ay
and W:
log1t{Pr[L1 = 1|A0]} = 50 + 61140 + BQW + 53140 x W (42)

e Y was generated according to a logistic regression model, possibly depending on the
measured past and W:

10glt{PI‘[Y = 1‘142, L27 Al, Ll, Ao]} = 90+91A2+92L2+93A1 +94L1+85A0+96W (43)

Theorem 6: Given the modified data generating models of this section and a rare out-
come, the MSM (3) is correctly specified with true 1) defined as

Yo = log [exp(fh) X (bo + co)] (44)



where
by — {1+ exp(Oy+ 5o)} {1+ exp(0s + o)}

{1+ exp(Bo)} {1+ exp(Bo)} {1 + exp(wo)}’

and _exp(fs + wo) [{1 4 exp(f2 + Bo) } {1 + exp(fs + Bo + 52)}]

O T U exp(Bo)} {1+ exp(Bo + Ba) } {1+ exp(wo) }

Yy = 0. (45)
(do + 60)
(bo +co)

1y = log |exp(f3) x , (46)

where
{1+ exp(02 + Bo+ 1)} {1 + exp(fs + Bo)}

" {1+ exp(Bo+ B} {1+ exp(Bo)} {1+ exp(wo)}

nd exp(8 + wo) [{1 + exp(6s + o+ B1)} {1+ exp(Bs + By + Bo)}]
{1+ exp(fo + B} UL+ exp(Bo + )} ({1 + exple)}

(fo+ 90)
(bo + co)

€y =

13 = log |exp(f3) x , (47)

where
fo = {1+ exp(by + Bo) } {1 + exp(0s+ Bo + B1)}

{1+ exp(Bo)} {1+ exp(Bo + B1)} {1 + exp(wo) }

d
o  exp(fs + wo) [{1 + exp(B + o)} {1+ exp(6s + fo + Bu + B2 + B3)}]

W= T T exp(Bo)} {1+ exp(Bo + B + Ba + Bs)} ({1 + exp(wo)}

The proof follows analogous logic to that of Theorem 2. As expected, the expressions for
1 in Theorem 6 reduce to those of Theorem 2 when wy = 05 = 52 = 3 = 0.
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Web Table 1. Measures of accuracy and precision of the estimated effects on the log odds scale under different theoretical life-
course model when information regarding early-life exposure is missing

Accuracy and Precision of

Estimated direct effect of Estimated direct effect of Estimated direct effect of
depression in early-life (4,) depression in mid-life (4,,,) depression in late-life (4;)
on log odds of stroke on log odds of stroke on log odds of stroke
Standard MSE 95% CI Standard MSE 95% CI Standard MSE 95% CI
error coverage error coverage error coverage
CONVENTIONAL REGRESSION
Varying the magnitude of the effect of
AUD on stroke
1. No confounding 0.07 0.01 95% 0.08 0.01 95% 0.08 0.01 95%
2. Moderate positive confounding 0.06 0.02 53% 0.07 0.02 61% 0.07 <0.01 95%
3. Strong positive confounding 0.05 0.04 6% 0.06 0.04 12% 0.06 <0.01 95%
4. Negative confounding <0.01 <0.01 0% <0.01 <0.01 81% <0.01 0.01 81%
5. Greater confounding earlier in life <0.01 <0.01 0% <0.01 <0.01 51% <0.01 <0.01 58%
6. Greater confounding later in life 0.06 0.02 47% 0.06 0.04 17% 0.06 <0.01 95%
Varying the magnitude of the effect of
depression on AUD
7. No effect of depression on AUD 0.06 <0.01 95% 0.06 <0.01 95% 0.06 <0.01 95%
Unmeasured confounder of AUD and
stroke
8. Moderate positive unmeasured 0.08 001  86% 0.09 002  74% 0.09 001  95%

confounder of AUD and stroke
IPW ESTIMATION

Varying the magnitude of the effect of
AUD on stroke

1. No confounding 0.07 <0.01 95% 0.08 0.01 95% 0.08 0.01 95%




2. Moderate positive confounding 0.06 <0.01 95% <0.01 <0.01 94% <0.01 <0.01 95%

3. Strong positive confounding 0.05 <0.01 95% 0.08 <0.01 95% 0.08 <0.01 95%
4. Negative confounding 0.08 <0.01 0% 0.22 <0.01 69% 0.21 <0.01 69%
5. Greater confounding earlier in life 0.05 <0.01 0% 0.05 <0.01 69% 0.06 <0.01 69%
6. Greater confounding later in life 0.05 <0.01 95% <0.01 <0.01 95% <0.01 <0.01 94%
Varying the magnitude of the effect of

depression on AUD

7. No effect depression on AUD 0.06 <0.01 95% <0.01 <0.01 95% <0.01 <0.01 95%
Unmeasured confounder of AUD and

stroke

8 Moderate positive unmeasured 0.08 001  95% 0.09 001  95% 0.09 001  94%

confounder of AUD and stroke
Note: Data was generated with 10,000 replications and 100,000 people in each sample. 95% CI coverage is the proportion of samples for which the estimated
95% confidence intervals contain the true effect and is influenced by the sample size used in the simulation.




Web Table 2. Measures of accuracy and precision of estimated effects on the log odds scale under different theoretical life-
course models when information regarding early-life exposure is missing

Accuracy and Precision of

Estimated direct effect of Estimated direct effect of Estimated lifetime effects of
depression in mid-life (4,,) on depression in late-life (4;) on depression (4,,+4,) on log
Theoretical model log odds of stroke log odds of stroke odds of stroke
under which data is
generated
Standard MSE 95% CI Standard MSE 95% CI Standard MSE 95% CI
error coverage error coverage error coverage
Accumulation model
with equal effects 0.08 0.01 87% 0.08 0.01 87% 0.11 0.33 0%
across the life-course
Early-life critical period 0.09 0.02 83% 0.09 0.02 80% 0.14 0.83 0%
Pathway model 0.09 0.01 95% 0.11 0.01 95% 0.14 0.02 2%
Accumulation model
with increasing effect 0.08 0.01 92% 0.08 0.01 93% 0.11 0.12 0%

across life-course
Accumulation model
with decreasing effect 0.08 0.01 83% 0.08 0.01 80% 0.10 0.58 0%
across life-course
Note: Data was generated with 10,000 replications and 100,000 people in each sample. 95% CI coverage is the proportion of samples for which the estimated
95% confidence intervals contain the true effect and is influenced by the sample size used in the simulation.




Web Table 3. Variance in estimated effects of depression on stroke on the log odds scale under an accumulation model
comparing conventional regression and inverse probability weighting to estimate MSM parameters, in the presence of a late-
study-start and time-varying confounders.

Variance in Estimate of

Direct effect of depression in Lifetime effects

o Direct effect of depression in .
mid-life (8,,) on log odds of late-life (8,) on log odds of of depression

stroke (6.,+6;) on log
stroke odds of stroke
Analytic method
0, 0, 0,

Standard MSE 95% CI Standard MSE 95% CI MSE 95% CI
error coverage error coverage coverage

Conventional regression 0.06 0.02 35% 0.06 <0.01 95% 0.69 <0.01%
IPW estimation of MSM 0.06 0.01 87% 0.06 <0.01 94% 0.43 <0.01%

Notes: Data was generated with 10,000 replications and 100,000 people in each sample. 95% CI coverage is the proportion of samples for which the estimated
95% confidence intervals contain the true effect and is influenced by the sample size used in the simulation. IPW=inverse probability weight; MSM=marginal
structural model



Web Appendix 5. SAS code

RR R Rk kb h b kb b b b b b b b b b b b b b b bk h ik kb b b b b bk h h b b b bk 2k kb b b b bk bk kb bk b R R 3k bk b kb b b b bk h h bk kb b bk kb b kR R R R R R R kR R kR kR R R R R Rk Rk Rk R R R R R R R R R R R R R e
SAS code for Table 1 and Supplemental Table 1. Bias in estimates of the causal direct effect of depression in early-, mid-, and late-
life on stroke under the accumulation model using conventional regression versus IPW in the presence or absence of time-varying
confounding by alcohol use disorder

Order of simulation code for Table 1
. Scenarios 1-6
. Scenario 7
. Scenario 8

MACRO ORDER
- %samples
- %simulate
- %estimate
- %calculate truth
%trueptrtrange

Table 1 key:

CONVENTIONAL REGRESSION IPW
LATE-LIFE MID-LIFE LATE-LIFE LATE-LIFE MID-LIFE LATE-LIFE
lambda 3 lambda 2 lambda 1 psi 3 psi 2 psi 1
(thetal) (theta3l) (thetab)

ER R R IRk kb kb b b b b b b b b b b b b b b b b b b b b b kb b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b b kb Sk kb b b b b b bk b b b b b b b b b b b b b b b b b b kb b kb b b bk b b b b b b b b b b b b b b b kb

options nonotes;

Smacro samples (log=,thetal=,thetal=,theta2=, theta3=,theta4=,thetab=,betal=,betal=,alphal=,alphal=,alpha2=,nsubjects=,nsamples=);
*calculates the true value of psi based on input choices of theta and beta;
%calculate truth;

%trueptrtrange;
*empty data set that will hold the nsamples IPW estimates of psi;
data psifinal;
run;
*empty data set that will hold the nsamples MLEs of theta;
data thetafinal;
run;
%let seed = 20;
%do sample = 1 %to &nsamples;
%put sample = &sample;
$let seed = %eval (&seed + 3);
%put seed= &seed;
%simulate;
%estimate;
%end;



PST FINAL ————————————— - o mm */
title "psihat means";
proc means data=psifinal n mean std STDERR clm;
var A2 A2 stderr A2 pct bias A2 CI coverage Al Al stderr Al pct bias Al CI coverage A0 A0 stderr A0 pct bias A0 CI coverage;
run;
%let true = psil;
%let pred = A2;
%let dataset = psifinal;
proc sqgl;
create table psi mse A2 as
select mean((&pred.-&true.)**2) as MSE A2, sqrt(mean((&pred.-&true.)**2)) as RMSE A2 from &dataset.;
quit;
%let true = psi2;
%let pred = Al;
%let dataset = psifinal;
proc sqgl;
create table psi mse Al as
select mean((&pred.-&true.)**2) as MSE Al, sqgrt(mean((&pred.-&true.)**2)) as RMSE Al from &dataset.;
quit;
$let true = psi3;
$let pred = AOQ;
%let dataset = psifinal;
proc sqgl;
create table psi mse AO0 as
select mean( (&pred.-&true.)**2) as MSE AQ0, sqgrt(mean((&pred.-&true.)**2)) as RMSE A0 from &dataset.;
quit;
title "psi hat MSE";
proc print data=psi mse AQO; run;
proc print data=psi_mse Al; run;
proc print data=psi_mse A2; run;

THETA FINAL 2 lambda —————————— == */
title 'thetahat means';
proc means data=thetafinal n mean std STDERR clm;
var A2 A2 stderr A2 pct bias A2 CI coverage Al Al stderr Al pct bias Al CI coverage A0 A0_stderr AO _pct bias A0 _CI coverage;
run;
%let true = psil;
%let pred = A2;
%let dataset = thetafinal;
proc sqgl;
create table theta mse A2 as
select mean( (&pred.-&true.)**2) as MSE A2, sqrt(mean((&pred.-&true.)**2)) as RMSE A2 from &dataset.;
quit;
%let true = psi2;
%let pred = Al;
%let dataset = thetafinal;
proc sgl;
create table theta mse Al as
select mean((&pred.-&true.)**2) as MSE Al, sqrt(mean((&pred.-&true.)**2)) as RMSE Al from &dataset.;
quit;
%let true = psi3;



%let pred = AOQ;
%let dataset = thetafinal;
proc sqgl;
create table theta mse AQ0 as
select mean( (&pred.-&true.)**2) as MSE AQ, sqgrt(mean((&pred.-&true.)**2)) as RMSE A0 from &dataset.;
quit;
title "theta hat MSE";
proc print data=theta mse AO; run;
proc print data=theta mse Al; run;
proc print data=theta mse A2; run;
title;
DM "log; clear; ";
%mend samples;

%macro simulate;
data simsample;
* generating simulation dataset ;
do id= 1 to %eval (&nsubjects);
call streaminit (&seed);
* A0 = Early-life depression ——————————————————————— - ;
logitAO = &alphal ;
PAO = 1/ (l+exp(-logitAQ)) ;
uAO=rand ('uniform') ;
if uAO<=pA0 then A0=1;
if uAO>pAO>. then A0=0;
* L1 = Early-life AUD ————————-——m - m o ;
logitLl = &betal + (&betal * A0) ;
pLl= 1/ (l+exp(-logitLl)) ;
uLl=rand ('uniform') ;
if uLl<=pLl then L1=1;
if uLl>pLl>. then L1=0;
* Al = Mid-life depression —————————=—————"—"——"—"—"——"—"—~—"——~\—(———— ;
logitAl = &alpha0 + (&alphal * L1) + (&alpha2 * AO0);
pAl = 1/ (l+exp(-logitAl)) ;
uAl=rand ('uniform') ;
if uAl<=pAl then Al=1;
if uAl>pAl>. then Al=0;
* L2 = Mid-1life AUD ————=—————m e ;
logitL2 = &betal + (&betal * Al) ;
pl2= 1/ (l+exp(-logitL2)) ;
ulL2=rand ('uniform') ;
if ul2<=pL2 then L2=1;
if ulL2>pL2>. then L2=0;
* A2 = Late-life depression —————=———=——=——"———"—"—"—"—"—"—~—"—\—~\—(—(—~\——— ;
logitA2 = &alpha0O + (&alphal * L2) + (&alpha2 * Al);
PA2 = 1/ (l+exp(-logitA2)) ;
uA2=rand ('uniform') ;
if uA2<=pA2 then A2=1;
if uA2>pA2>. then A2=0;



logitY = &thetalO + (&thetal * A2)

+

(&theta2 * L2)

pY = 1/ (1l+exp(-logitY)) ;

uY=rand ('uniform') ;
if u¥<=pY then Y=1;
if u¥>p¥>. then Y=0;

output;
end;
keep id A0 L1 Al L2 A2 Y ;
runy
%mend;

%macro estimate;
*numerator IPTW Al;
proc logistic NOPRINT descending data=simsample;
model Al= AQ;
output out=modtnl p=ptrt nl;
run;
*denominator IPTW Al;
proc logistic NOPRINT descending data=simsample;
model Al=L1 A0 ;
output out=modtdl p=ptrt dl;
run;
*numerator IPTW A2;
proc logistic NOPRINT descending data=simsample;
model A2= Al ;
output out=modtn2 p=ptrt n2;
run;
*denominator IPTW AZ2;
proc logistic NOPRINT descending data=simsample;
model A2=L2 Al ;
output out=modtd2 p=ptrt d2;
run;
data new_sim;
merge modtnl modtdl modtn2 modtd2;
by id;
/*calculate time 1 part of weight*/
if Al=1 then do;
panl=ptrt nl;
padl=ptrt dl;
end;
else do;
panl=l-ptrt nl;
padl=1l-ptrt dil;
end;
/*calculate time 2 part of weight*/
if A2=1 then do;
pan2=ptrt n2;
pad2=ptrt d2;
end;
else do;
pan2=1-ptrt n2;

+

(&theta3 * Al)

+

(&thetad * L1)

+

(&thetab * A0)
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/*

pad2=1-ptrt d2;
end;
/*calculate products and stabilized weight*/
prod n=panl*pan2;
prod d=padl*pad2;
stabw=prod n/prod _d;
run;

GET PSTHAT —————— == - mmmm—
ods exclude all;
proc genmod data=new_sim descending;
model Y = A2 Al AO / link=logit dist=binomial cl;
weight stabw;
ods output parameterestimates=psidata out;
run;
ods exclude none;
* transpose parameter estimates;
proc transpose data=psidata out out=psidata wide;
id Parameter;
var Estimate StdErr LowerWaldCL UpperWaldCL;
run;
data estimate; set psidata wide (drop=Intercept Scale); where NAME ='Estimate'; run;
data stderr; set psidata wide (drop=Intercept Scale); where NAME ='StdErr'; run;
data lcl; set psidata wide (drop=Intercept Scale); where NAME ='LowerWaldCL'; run;
data ucl; set psidata wide (drop=Intercept Scale); where NAME ='UpperWaldCL'; run;
data psidata;
set estimate;
if N =1 then set truepsi;
if N =1 then set stderr(rename=(A0=A0_stderr Al=Al stderr A2=A2 stderr));
if N =1 then set 1lcl (rename=(A0=A0_lcl Al=Al lcl A2=A2 1cl));
(rename= (A0=A0_ucl Al=Al ucl A2=A2 ucl));

if N =1 then set ucl
drop NAME LABEL ;
run;

data psidata;
set psidata;
sample=&sample;
* CI coverage ;
AO0_CI_coverage=.;
Al CI coverage=.;
A2 CI coverage=.;
* pct bias ;
format Al pct bias percentn. A2 pct bias percentn. A0 pct bias percentn.;
A0 _pct bias=((A0-psi3)/psi3);
Al pct bias=((Al-psi2)/psi2);
A2 pct bias=((A2-psil)/psil);
run;
data psifinal;
set psifinal psidata;
if sample "= .;

if A0 _1lcl<psi3 and AO_ucl>psi3 then A0 _CI coverage=1l; else A0 _CI coverage=0;
if Al lcl<psi2 and Al ucl>psi2 then Al CI coverage=1l; else Al CI coverage=0;
if A2 lcl<psil and A2 ucl>psil then A2 CI coverage=1l; else A2 CI coverage=0;

/* GET THETAHAT === —mmm = m o e o e e */



ods exclude all;
proc genmod data=new_sim descending;
model Y = A2 L2 Al L1 A0 / link=logit dist=binomial cl;
ods output parameterestimates=simsample out;
run;
ods exclude none;
* transpose parameter estimates;
proc transpose data=simsample out out=simsample wide;
id Parameter;
var Estimate StdErr LowerWaldCL UpperWaldCL;

run;
data estimate; set simsample wide (drop=Intercept Scale); where NAME ='Estimate'; run;

data stderr; set simsample wide (drop=Intercept Scale); where NAME ='StdErr'; run;

data lcl; set simsample wide (drop=Intercept Scale); where NAME ='LowerWaldCL'; run;
data ucl; set simsample wide (drop=Intercept Scale); where NAME ='UpperWaldCL'; run;

data thetadata;
set estimate;
if N =1 then set truepsi;

if N =1 then set stderr(rename=(A0=A0_ stderr Al=Al stderr A2=A2 stderr));

if N =1 then set lcl (rename=(A0=A0 lcl Al=Al lcl A2=A2 lcl));

if N =1 then set ucl (rename=(A0=A0 ucl Al=Al ucl A2=A2 ucl));
drop NAME  LABEL ;
run;
data thetadata;
set thetadata;
sample=&sample;
* CI coverage ;

A0 _CI coverage=.; if A0 1cl<psi3 and A0 ucl>psi3 then A0 CI coverage=1l; else A0 CI coverage=0;
Al CI_coverage=.; if Al 1lcl<psi2 and Al ucl>psi2 then Al CI coverage=l; else Al CI coverage=0;
A2 CI_coverage=.; if A2 1lcl<psil and A2 ucl>psil then A2 CI coverage=l; else A2 CI_ coverage=0;

* pct bias ;
format Al pct bias percentn. A2 pct bias percentn. A0 pct bias percentn.;
A0 _pct bias=((A0-psi3)/psi3);
Al pct bias=((Al-psi2)/psi2);
A2 pct bias=((A2-psil)/psil);
run;
data thetafinal;
set thetafinal thetadata;
if sample "= .;
run;

$mend;

%macro calculate truth;
data truepsi; run;

data truepsi;

set truepsi;

* formula for psi0 --intercept of the MSM;
psilOfracnuml=exp (&theta2 + &betal) ;
psilOfracdenl=1+exp (&betal) ;
psiOfracl=psiOfracnuml/psiOfracdenl;
psiOfrac2=1/psiOfracdenl;



psiOsuml=psiOfracl+psiOfrac?2;
psiOfracnum3=exp (&thetad+sbetal) ;
psiOfrac3=psiOfracnum3/psilOfracdenl;
psilOsum2=psiOfrac3+psiOfrac?;
exppsil=exp (&thetal) *psiOsuml*psiOsum?;
psil=log (exppsiO) ;

* formula for psil -- coefficient of late life exposure ;
psil=&thetal;
* formula for psi2 -- coefficient of mid life exposure;

psi2numfracl=exp (&theta2 + &betal + &betal) ;
psi2denfracl=1l+exp (&betal+&betal) ;
psi2fracl=psi2numfracl/psi2denfracl;
psi2frac2=1/psi2denfracl;
psi2suml=psi2fracl+psi2frac?2;
psi2frac=psi2suml/psiOsuml;

exppsiz2=exp (&thetal) *psi2frac;
psi2=log(exppsi2);

* formula for psi3 -- coefficient of early life exposure;
psi3numfracl=exp (&thetad + &betal +&betal);
psi3fracl=psi3numfracl/psi2denfracl;
psi3suml=psi3fracl+psi2frac2;
psi3frac=psi3suml/psiOsum2;
exppsil3=exp (&thetab) *psi3frac;
psi3=log (exppsi3);

keep /*psiO*/ psil psi2 psi3;
run;

proc print data=truepsi;

run;

$mend calculate truth;

%macro trueptrtrange;

data pat;

run;

data pat;

set pat;
pat00=exp (&alphal) / (1+exp (&alphal)) ;
patlO=exp (&alphalO+&alphal) / (1+exp (&alphaO+&alphal)) ;
patOl=exp (&alphalO+&alpha2) / (1+exp (&alphalO+&alpha?)) ;
patll=exp (&alphalO+&alphal+&alpha?) / (1+exp (&alphal+&alphal+&alpha2)) ;

run;

proc print data=pat;

run;

$mend;

*Scenario 1 No Confounding;
%samples (log=M1, theta0=-6,thetal=0.69, theta2=0.00, theta3=0.69, theta4=0.00,
alphal=0.41, alpha2=0.41, nsubjects=100000, nsamples=10000);

*Scenario 2 Moderate Positive Confounding;

theta5=0.69,

betal=-.3,

betal=1.2,

alpha0=0.00,



$samples (log=M2, theta0=-6, thetal=0.69, theta2=0.41, theta3=0.58, theta4=0.41, thetab5=0.58, betal0=-.3, betal=1.2, alpha0=0.00,
alphal=0.41, alpha2=0.41, nsubjects=100000, nsamples=10000) ;

*Scenario 3 Strong Positive Confounding;
$samples (log=M3, theta0=-6, thetal=0.69, theta2=0.69, theta3=0.51, theta4=0.69, thetab5=0.51, betal0=-.3, betal=1.2, alpha0=0.00,
alphal=0.41, alpha2=0.41, nsubjects=100000, nsamples=10000);

*Scenario 4 Negative Confounding;
%samples (log=M4, theta0=-6,thetal=0.69, theta2=-0.41,theta3=0.81, thetad4=-0.41,theta5=0.81, betal0=-.3, betal=1.2, alpha0=0.00,
alphal=0.41, alpha2=0.41, nsubjects=100000, nsamples=10000);

*Scenario 5 Greater confounding earlier in life;
$samples (log=M5, theta0=-6, thetal=0.69, theta2=0.41, theta3=0.58, theta4=0.69, theta5=0.51, betal0=-.3, betal=1.2, alpha0=0.00,
alphal=0.41, alpha2=0.41, nsubjects=100000, nsamples=10000) ;

*Scenario 6 Greater confounding later in life;
%samples (log=M6, thetal0=-6, thetal=0.69, theta2=0.69, theta3=0.51, theta4=0.41, theta5=0.58, betal=-.3, betal=1l.2, alpha0=0.00,
alphal=0.41, alpha2=0.41, nsubjects=100000, nsamples=10000) ;

RR R Ik kb kb b b b b b b b b b b b b b b bk kb b b b b b b kb b b b bk b 2k kb b b b b b b b b b b b b R b b bk b b b b b b b b b b b b b b b R b b b b b R R b R R R Rk R R bk kb R R R Rk b R R R R R R R b b R R R R R h R R I

Table 1 Scenario 7: No effect of depression on AUD
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options nonotes;
*options nosource;

%macro samples (log=,thetal=,thetal=,theta2=,theta3=, theta4=, thetab=,betal=,betal=,alphal=,alphal=,alpha2=,nsubjects=,nsamples=);
*calculates the true value of psi based on input choices of theta and beta;
%calculate truth;
%trueptrtrange;
*empty data set that will hold the nsamples IPW estimates of psi;
data psifinal;
run;
*empty data set that will hold the nsamples MLEs of theta;
data thetafinal;

run;
%let seed = 20;
%do sample = 1 %to &nsamples;

%put sample = &sample;
%let seed = %eval(&seed + 3);
%put seed= &seed;
$simulate;
%estimate;
%end;
/* PST FINAL —— == oo o o e o */
title "psihat means";
proc means data=psifinal n mean std STDERR clm;
var A2 A2 stderr A2 pct bias A2 CI coverage Al Al stderr Al pct bias Al CI coverage A0 A0 stderr AO pct bias A0 CI coverage;



/*

run;
%let true = psil;
%let pred = A2;
%let dataset = psifinal;
proc sqgl;
create table psi mse A2 as
select mean((&pred.-&true.)**2) as MSE A2, sqrt(mean((&pred.-&true.)**2)) as RMSE A2 from &dataset.;
quit;
%let true = psi2;
%let pred = Al;
%let dataset = psifinal;
proc sqgl;
create table psi mse Al as
select mean((&pred.-&true.)**2) as MSE Al, sqrt(mean((&pred.-&true.)**2)) as RMSE Al from &dataset.;
quit;
$let true = psi3;
$let pred = AOQ;
%let dataset = psifinal;
proc sqgl;
create table psi mse A0 as
select mean( (&pred.-&true.)**2) as MSE AQO, sqrt(mean((&pred.-&true.)**2)) as RMSE A0 from &dataset.;
quit;
title "psi hat MSE";
proc print data=psi mse AO0; run;
proc print data=psi mse Al; run;
proc print data=psi mse A2; run;
THETA FINAL --—m————————————————————————————m———————————————————————— */
title 'thetahat means';
proc means data=thetafinal n mean std STDERR clm;
var A2 A2 stderr A2 pct bias A2 CI coverage Al Al stderr Al pct bias Al CI coverage A0 A0_stderr A0 pct bias A0 _CI coverage;
run;
%let true = psil;
%let pred = A2;
%let dataset = thetafinal;
proc sqgl;
create table theta mse A2 as
select mean( (&pred.-&true.)**2) as MSE A2, sqrt(mean((&pred.-&true.)**2)) as RMSE A2 from &dataset.;
quit;
%let true = psi2;
%let pred = Al;
%let dataset = thetafinal;
proc sqgl;
create table theta mse Al as
select mean( (&pred.-&true.)**2) as MSE Al, sqrt(mean((&pred.-&true.)**2)) as RMSE Al from &dataset.;
quit;
%let true = psi3;
%let pred = AQ;
%let dataset = thetafinal;
proc sqgl;
create table theta mse AQ as
select mean((&pred.-&true.)**2) as MSE A0, sqgrt(mean((&pred.-&true.)**2)) as RMSE A0 from &dataset.;



quit;

title "theta hat MSE";
proc print data=theta mse AQ0; run;
proc print data=theta mse Al; run;
proc print data=theta mse A2; run;
title;

DM "log; clear; ";

%mend samples;

Smacro simulate;

data simsample;
do id= 1 to %eval (&nsubjects);
call streaminit (&seed);

* A0 = Early-life depression

logitAO = &alphalO ;

PAO0 = 1/ (l+exp(-logitAl)) ;
uAO=rand ('uniform') ;
if uAO<=pA0 then A0=1;

if uAO>pAO>.
* L1 = Early-life AUD ------

then A0=0;

logitLl = &betal + (&betal * AO0) ;
pLl= 1/ (l+exp(-logitLl)) ;
uLl=rand ('uniform') ;

if uLl<=pLl

if uLl>pLl>.

* Al = Mid-life depression

then L1=1;
then L1=0;

logitAl = &alpha0O + (&alphal * L1) + (&alpha2 * AQ0);
pAl = 1/ (l+exp(-logitAl)) ;
uAl=rand ('uniform') ;
if uAl<=pAl then Al=1;

if uAl>pAl>.
* L2 = Mid-life AUD --——-—-—-

then Al1=0;

logitL2 = &betal + (&betal * Al) ;
pL2= 1/ (l+exp(-logitL2)) ;
uL2=rand ('uniform') ;

if ulL2<=pL2

if ul2>pL2>.
* A2 = Late-life depression

then L2=1;
then L2=0;

logitA2 = &alpha0O + (&alphal * L2) + (&alpha2 * Al);
PA2 = 1/ (l+exp(-logitA2)) ;
uA2=rand ('uniform') ;
if uA2<=pA2 then A2=1;

if UA2>pA2>.
* Y ________________________
logitY = stheta0 + (sthetal * A2) + (stheta2 * L2) + (&theta3 * Al) + (&thetad * L1)

then A2=0;

pY = 1/ (l+exp(-logitY)) ;
uY=rand ('uniform') ;
if u¥<=pY then Y=1;
if uy>pY>. then Y=0;

output;

+

(&thetab * A0)



end; /*subjects*/

keep id A0 L1 Al L2 A2 Y ;
run;
%mend;

$macro estimate;
*numerator IPTW Al;
proc logistic NOPRINT descending data=simsample;
model Al= AQ;
output out=modtnl p=ptrt nl;
run;
*denominator IPTW Al;
proc logistic NOPRINT descending data=simsample;
model Al=L1 A0 ;
output out=modtdl p=ptrt dil;
run;
*numerator IPTW A2;
proc logistic NOPRINT descending data=simsample;
model A2= Al ;
output out=modtn2 p=ptrt n2;
run;
*denominator IPTW A2;
proc logistic NOPRINT descending data=simsample;
model A2=L2 Al ;
output out=modtd2 p=ptrt d2;
run;
data new_sim;
merge modtnl modtdl modtn2 modtd2;
by id;
/*calculate time 1 part of weight*/
if Al=1 then do;
panl=ptrt nl;
padl=ptrt dl;
end;
else do;
panl=l-ptrt nl;
padl=l-ptrt dil;
end;
/*calculate time 2 part of weight*/
if A2=1 then do;
pan2=ptrt n2;
pad2=ptrt d2;
end;
else do;
pan2=1-ptrt n2;
pad2=1-ptrt d2;
end;
/*calculate products and stabilized weight*/
prod n=panl*pan2;
prod d=padl*pad2;
stabw=prod n/prod d;



/*

run;
GET PSIHAT ——m—mmmm e e e e */
ods exclude all;
proc genmod data=new sim descending;
model Y = A2 Al AO / link=logit dist=binomial cl;
weight stabw;
ods output parameterestimates=psidata out;
run;
ods exclude none;
* transpose parameter estimates;
proc transpose data=psidata out out=psidata wide;
id Parameter;
var Estimate StdErr LowerWaldCL UpperWaldCL;

run;

data estimate; set psidata wide (drop=Intercept Scale); where NAME ='Estimate'; run;

data stderr; set psidata wide (drop=Intercept Scale); where NAME ='StdErr'; run;

data 1lcl; set psidata wide (drop=Intercept Scale); where NAME ='LowerWaldCL'; run;
data ucl; set psidata wide (drop=Intercept Scale); where NAME ='UpperWaldCL'; run;

data psidata;
set estimate;
if N =1 then set truepsi;

if N =1 then set stderr(rename=(A0=A0_ stderr Al=Al stderr A2=A2 stderr));

if N =1 then set lcl (rename=(A0=A0 lcl Al=Al lcl A2=A2 1lcl));
if N =1 then set ucl (rename=(A0=A0 ucl Al=Al ucl A2=A2 ucl));
drop NAME LABEL ;
run;

data psidata;
set psidata;
sample=&sample;
* CI coverage ;

A0 _CI coverage=.; if A0 1cl<psi3 and A0 ucl>psi3 then A0 CI coverage=l; else A0 CI coverage=0;
Al CI coverage=.; if Al 1cl<psi2 and Al ucl>psi2 then Al CI coverage=l; else Al CI coverage=0;
A2 CI_coverage=.; if A2 1lcl<psil and A2 ucl>psil then A2 CI coverage=l; else A2 CI_coverage=0;

* pct bias ;
format Al pct bias percentn. A2 pct bias percentn. A0 pct bias percentn.;
A0 _pct bias=((A0-psi3)/psi3);
Al pct bias=((Al-psi2)/psi2);
A2 pct bias=((A2-psil)/psil);
run;
data psifinal;
set psifinal psidata;
if sample "= .;
/* GET THETAHAT ——————— oo o mm
ods exclude all;
proc genmod data=new_sim descending;
model Y = A2 L2 Al L1 AO / link=logit dist=binomial cl;
ods output parameterestimates=simsample out;
run;
ods exclude none;
* transpose parameter estimates;
proc transpose data=simsample out out=simsample wide;



id Parameter;
var Estimate StdErr LowerWaldCL UpperWaldCL;

run;

data estimate; set simsample wide (drop=Intercept Scale); where NAME ='Estimate'; run;

data stderr; set simsample wide (drop=Intercept Scale); where NAME ='StdErr'; run;

data lcl; set simsample wide (drop=Intercept Scale); where NAME ='LowerWaldCL'; run;
data ucl; set simsample wide (drop=Intercept Scale); where NAME ='UpperWaldCL'; run;

data thetadata;
set estimate;
if N =1 then set truepsi;

if N =1 then set stderr(rename=(A0=A0_ stderr Al=Al stderr A2=A2 stderr));

if N =1 then set 1lcl (rename=(A0=A0 lcl Al=Al lcl A2=A2 lcl));
if N =1 then set ucl (rename=(A0=A0 ucl Al=Al ucl A2=A2 ucl));
drop NAME  LABEL ;
run;

data thetadata;
set thetadata;
sample=&sample;
*keep sample A2 Al ;
* CI coverage ;
A0 CI coverage=.; if A0 1lcl<psi3 and A0 ucl>psi3 then A0 CI coverage=l; else A0 CI coverage=0;
Al CI coverage=.; 1f Al lcl<psi2 and Al ucl>psi2 then Al CI coverage=l; else Al CI coverage=0;
A2 CI coverage=.; 1f A2 lcl<psil and A2 ucl>psil then A2 CI coverage=l; else A2 CI coverage=0;
* pct bias ;
format Al pct bias percentn. A2 pct bias percentn. A0 pct bias percentn.;
A0 pct bias=((A0-psi3) /psi3);
Al pct bias=((Al-psi2)/psi2);
A2 pct bias=((A2-psil)/psil);
run;
data thetafinal;
set thetafinal thetadata;
if sample "= .;
run;

Smend;

%macro calculate truth;
data truepsi; run;

data truepsi;

set truepsi;

* formula for psi0 --intercept of the MSM;
psiOfracnuml=exp (&theta2 + &betal) ;
psiOfracdenl=1l+exp (&betal) ;
psiOfracl=psiOfracnuml/psiOfracdenl;
psilOfrac2=1/psiOfracdenl;
psiOsuml=psiOfracl+psiOfrac2;
psiOfracnum3=exp (&thetad+s&betal) ;
psiOfrac3=psiOfracnum3/psiOfracdenl;
psilOsum2=psiOfrac3+psiOfrac?2;
exppsil=exp (&thetal) *psiOsuml*psiOsum?2;
psil=log (exppsiO) ;

* formula for psil -- coefficient of late life exposure ;



psil=&thetal;

* formula for psi2 -- coefficient of mid life exposure;
psi2numfracl=exp (&theta2 + &betal + &betal) ;
psi2denfracl=1+exp (&betal+&betal) ;
psi2fracl=psi2numfracl/psi2denfracl;
psi2frac2=1/psi2denfracl;
psi2suml=psi2fracl+psi2frac2;
psi2frac=psi2suml/psiOsuml;
exppsi2=exp (&thetal) *psi2frac;
psi2=log(exppsi2);

* formula for psi3 -- coefficient of early life exposure;
psi3numfracl=exp (&thetad + &betal +&betal);
psi3fracl=psi3numfracl/psi2denfracl;
psi3suml=psi3fracl+psi2frac?2;
psi3frac=psi3suml/psiOsum2;
exppsi3=exp (&thetab) *psi3frac;
psi3=log(exppsi3);

keep /*psiO*/ psil psi2 psi3;
run;

proc print data=truepsi;

run;

%mend calculate truth;

%macro trueptrtrange;

data pat;

run;

data pat;

set pat;
pat00=exp (&alphal) / (1+exp (&alphal)) ;
patlO=exp (&alphalO+&alphal) / (1+exp (&alphaO+&alphal)) ;
patOl=exp (&alphalO+&alpha2) / (1+exp (&alphalO+&alpha?)) ;
patll=exp (&alphalO+s&alphal+&alpha?)/ (1+exp (&alphal+&alphal+&alpha2)) ;

run;

proc print data=pat;

run;

Smend;

*Scenario 7 No effect of mid- and late-life depression on AUD;
%samples (log=M7, theta0=-6,thetal=0.69, theta2=0.41, theta3=0.69, thetad4=0.41, thetab5=0.69, betal0=-.3, betal=0.00, alpha0=0.00,
alphal=0.41, alpha2=0.41, nsubjects=100000, nsamples=10000) ;

R I R R

Table 1 Scenario 8: Moderate positive unmeasured confounder of AUD and stroke
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options nonotes;

%macro samples (thetaO=, thetal=, theta2=, theta3=,thetad=,thetab5=,theta6=,betal=,betal=,beta2=,beta3=,alphal=,alphal=,alpha2=, omegal=,
nsubjects=,nsamples=) ;

*calculates the true value of psi based on input choices of theta and beta;

%calculate truth;



/*

/*

$trueptrtrange;

*empty data set that will hold the nsamples IPW estimates of psi;

data psifinal;
run;

*empty data set that will hold the nsamples MLEs of theta;

data thetafinal;

run;

%let seed = 20;

%do sample = 1 %to &nsamples;
%put sample = &sample;
$let seed = %eval (&seed + 3);
%put seed= &seed;

$simulate;
%estimate;
%end;
PST FINAL ———— e

title "psihat means";
proc means data=psifinal n mean std STDERR clm;

var A2 A2 stderr A2 pct bias A2 CI coverage Al Al stderr Al pct bias Al CI coverage A0 A0 _stderr AO pct bias A0 CI coverage;

run;

$let true = psil;

%let pred = A2;

%let dataset = psifinal;

proc sqgl;
create table psi mse A2 as
select mean((&pred.-&true.)**2) as MSE A2,
quit;

%let true = psi2;

%let pred = Al;

%let dataset = psifinal;

proc sqgl;
create table psi mse Al as
select mean((&pred.-&true.)**2) as MSE Al,
quit;

%let true = psi3;

%let pred = AOQ;

%let dataset = psifinal;

proc sqgl;
create table psi mse A0 as
select mean((&pred.-&true.)**2) as MSE AQ,
quit;

title "psi hat MSE";

proc print data=psi mse AQO; run;

proc print data=psi mse Al; run;

proc print data=psi_mse A2; run;

THETA FINAL —==——==—— = mm e mm e

title 'thetahat means';
proc means data=thetafinal n mean std STDERR clm;

sqrt (mean ( (&pred.-&true.)**2)) as RMSE A2 from &dataset.;

sqgrt (mean ( (épred.-&true.)**2)) as RMSE Al from &dataset.;

sqrt (mean ( (épred.-&true.)**2)) as RMSE A0 from &dataset.;

var A2 A2 stderr A2 pct bias A2 CI coverage Al Al stderr Al pct bias Al CI coverage A0 A0 stderr A0 pct bias A0 CI coverage;

run;
%let true = psil;



%let
%let
proc

%let
%let
%let
proc

%let
%let
Slet
proc

title

DM "log;

pred = A2;
dataset = thetafinal;
sqgl;
create table theta mse A2 as
select mean( (&pred.-&true.)**2) as MSE A2,
quit;
true = psi2;
pred = Al;
dataset = thetafinal;
sql;
create table theta mse Al as
select mean( (&pred.-&true.)**2) as MSE Al,
quit;
true = psi3;
pred = A0;
dataset = thetafinal;
sql;
create table theta mse AQ0 as
select mean((&pred.-&true.)**2) as MSE AOQ,

quit;

"theta hat MSE";

proc print data=theta mse AQO; run;
proc print data=theta mse Al; run;
proc print data=theta mse A2; run;
title;

"

clear; ";

%mend samples;

%macro simulate;

data simsample;
do id= 1 to %eval (&nsubjects);
call streaminit (&seed);

* A0 = Early-life depression
logitAQO = &alphaO ;
pAO0 = 1/ (l+exp(-logitA0)) ;

uAO=rand ('uniform') ;
if uAO<=pA0 then A0=1;

sgrt (mean ( (&pred.-&true.) **2))

sgrt (mean ( (&pred.-&true.) **2))

sgrt (mean ( (&pred.-&true.) **2))

as RMSE A2 from &dataset.;

as RMSE_Al from &dataset.;

as RMSE A0 from &dataset.;

if UAO>pPAO>.

then A0=0;

* W =
logitw0
pwo =

= &omegal ;
1/ (1+exp (-logitW0))

’

uWO0=rand ('uniform') ;
if uWO<=pWO then WO=1;

common cause of early-life AUD and stroke

if UWOSPWO>.

then W0=0;

*Ll:
logitLl

Early-life AUD
= &betal +

(&betal * AO0) +

(&beta2 * WO)

pLl= 1/ (l+exp(-logitLl)) ;
uLl=rand ('uniform');

if ulLl<=pLl
if ull>pLl>.

then L1=1;
then L1=0;

+

(&beta3 * WO * AO);



* Al = Mid-life depression ——-————————————————————~—~————
logitAl &alphaO + (&alphal * L1) + (&alpha2 * AO0);
pAl = 1/ (l+exp(-logitAl)) ;
uAl=rand ('uniform') ;
if uAl<=pAl then Al=1;
if uAl>pAl>. then Al=0;
* L2 = Mid-life AUD ———==—————— -
logitL2 = &betal + (&betal * Al) ;
pL2= 1/ (l+exp(-logitL2)) ;
uL2=rand ('uniform') ;
if ulL2<=pl2 then L2=1;
if ulL2>pL2>. then L2=0;
* A2 = Late-life depression —-—-—-—-—-—---—-———-—-—-"—-"——"—\———~—~—~—~—~ "~~~
logitA2 = &alpha0 + (&alphal * L2) + (&alpha2 * Al);
PA2 = 1/ (l+exp(-logitA2)) ;
uA2=rand ('uniform') ;
if uA2<=pA2 then A2=1;
if uA2>pA2>. then A2=0;
¥ Y —mm oo ;
logitY = &thetaO + (&thetal * A2) + (&theta2 * L2) + (&theta3 * Al) + (&thetad4 * L1) + (&thetab * A0) + (&theta6b *

wo) ;
pY = 1/ (l+exp(-logitY)) ;
uY=rand ('uniform') ;
if u¥Y<=pY then Y=1;
if uy>pY>. then Y=0;
output;
end; /*subjects*/
keep id A0 L1 Al L2 A2 Y ;
run;
Smend;

%macro estimate;

*numerator IPTW Al;

proc logistic NOPRINT descending data=simsample;
model Al= AQ;
output out=modtnl p=ptrt nl;
run;

*denominator IPTW Al;

proc logistic NOPRINT descending data=simsample;
model Al=L1|AO0 ;
output out=modtdl p=ptrt dil;
run;

*numerator IPTW A2;

proc logistic NOPRINT descending data=simsample;
model A2= Al ;
output out=modtn2 p=ptrt n2;
run;

*denominator IPTW AZ2;

proc logistic NOPRINT descending data=simsample;
model A2=L2 Al ;
output out=modtd2 p=ptrt d2;



run;
data new_sim;
merge modtnl modtdl modtn2 modtd?2;
by id;
/*calculate time 1 part of weight*/
if Al=1 then do;
panl=ptrt nl;
padl=ptrt dl;
end;
else do;
panl=l-ptrt nl;
padl=l-ptrt di;
end;
/*calculate time 2 part of weight*/
if A2=1 then do;
pan2=ptrt n2;
pad2=ptrt d2;
end;
else do;
pan2=l-ptrt n2;
pad2=1-ptrt d2;
end;
/*calculate products and stabilized weight*/
prod n=panl*pan2;
prod d=padl*pad2;
stabw=prod n/prod d;
run;
proc univariate data=new sim noprint;
var stabw;
output out=stabw_univ skewness=stabw_skew kurtosis=stabw kurtosis range=stabw_range min=stabw min max=stabw max pctlpre=stabw_p
pctlpts=0 to 5 by 0.25, 95 to 100 by 0.25;
run;
/* GET PSTIHAT ———————mmmmmm m mm o o */
ods exclude all;
proc genmod data=new_sim descending;
model Y = A2 Al AO / link=logit dist=binomial cl;
weight stabw;
output out=psidata pred predicted=y pred;
ods output parameterestimates=psidata out;
run;
ods exclude none;
proc print data=psidata out; run;
* transpose parameter estimates;
proc transpose data=psidata out out=psidata wide;
id Parameter;
var Estimate StdErr LowerWaldCL UpperWaldCL;
run;
data estimate; set psidata wide(drop=Intercept Scale); where NAME ='Estimate'; run;
data stderr; set psidata wide (drop=Intercept Scale); where NAME ='StdErr'; run;
data 1lcl; set psidata wide (drop=Intercept Scale); where NAME ='LowerWaldCL'; run;
data ucl; set psidata wide (drop=Intercept Scale); where NAME ='UpperWaldCL'; run;



data psidata;
set estimate;
if N =1 then set truepsi;

if N =1 then set stderr(rename=(A0=A0 stderr Al=Al stderr A2=A2 stderr));

if N =1 then set 1lcl (rename=(A0=A0 lcl Al=Al lcl A2=A2 lcl));
if N =1 then set ucl (rename=(A0=A0 ucl Al=Al ucl A2=A2 ucl));
if N =1 then set stabw univ;
drop NAME LABEL ;
run;

data psidata;
set psidata;
sample=&sample;

* CI coverage ;

A0 CI coverage=.; if A0 lcl<psi3 and A0 ucl>psi3 then A0 CI coverage=l; else A0 CI coverage=0;
Al CI coverage=.; 1f Al lcl<psi2 and Al ucl>psi2 then Al CI coverage=l; else Al CI coverage=0;
A2 CI_coverage=.; if A2 1lcl<psil and A2 ucl>psil then A2 CI coverage=l; else A2 CI_coverage=0;

* pct bias ;

format Al pct bias percentn. A2 pct bias percentn. A0 pct bias percentn.;
A0 pct bias=((A0-psi3)/psi3);

Al pct bias=((Al-psi2)/psi2);

A2 pct bias=((A2-psil)/psil);

run;

data psifinal;

set psifinal psidata;

if sample "= .;

/* GET THETAHAT == == == == m o o o o o e o

ods exclude all;

proc genmod data=new_sim descending;
model Y = A2 L2 Al L1 AO / link=logit dist=binomial cl;
output out=simsample pred predicted=y pred;
ods output parameterestimates=simsample out;
run;

ods exclude none;

* transpose parameter estimates;

proc transpose data=simsample out out=simsample wide;
id Parameter;
var Estimate StdErr LowerWaldCL UpperWaldCL;

run;

data estimate; set simsample wide (drop=Intercept Scale); where NAME ='Estimate'; run;

data stderr; set simsample wide (drop=Intercept Scale); where NAME ='StdErr'; run;

data 1lcl; set simsample wide (drop=Intercept Scale); where NAME ='LowerWaldCL';
data ucl; set simsample wide (drop=Intercept Scale); where NAME ='UpperWaldCL';

data thetadata;
set estimate;
if N =1 then set truepsi;

if N:=1 then set stderr (rename=(A0=A0 stderr Al=Al stderr A2=A2 stderr));

if N =1 then set 1lcl (rename=(A0=A0 lcl Al=Al lcl A2=A2 1cl));

if N =1 then set ucl (rename=(A0=A0 ucl Al=Al ucl A2=A2 ucl));

if N =1 then set stabw_univ;

drop NAME LABEL ;

run;
run;



%mend;

fmacro

data tr

data tr
set tru
*

heta6+(

run;
data thetadata;
set thetadata;
sample=&sample;
* CI coverage ;
A0 _CI coverage=.; 1f A0 lcl<psi3 and A0 ucl>psi3 then A0 CI coverage=l; else A0 CI coverage=0;
Al CI coverage=.; 1f Al lcl<psi2 and Al ucl>psi2 then Al CI coverage=l; else Al CI coverage=0;
A2 _CI_coverage=.; if A2 1lcl<psil and A2 ucl>psil then A2 CI coverage=l; else A2 CI_coverage=0;
* pct bias ;
format Al pct bias percentn. A2 pct bias percentn. A0 pct bias percentn.;
A0 pct bias=((A0-psi3)/psi3);
Al pct bias=((Al-psi2)/psi2);
A2 pct bias=((A2-psil)/psil);
run;
data thetafinal;
set thetafinal thetadata;
if sample "= .;
run;

calculate truth;

uepsi; run;

uepsi;

epsi;

formula for psi0 --intercept of the MSM;

anum=1l+exp (&theta2+&betal) texp (&thetad+s&betal) texp (&theta2+&thetad+ (2*&betal)) ;
aden=(l+exp (&betal)) * (1+exp (&betal) ) * (1+exp (&omegal) ) ;

a= anum/aden;

bnum=exp (&theta6+&omegal) +exp (&thetad+&thetab+sbetal+&beta2+&omegal) texp (&theta2+&thetatbt+&betal+&omegal) +exp (&theta2+&thetad+&t
2*&betal) +&beta2+&omegal) ;

bden=(1l+exp (&betal)) * (L+exp (&betal+&beta2)) * (1+exp (&omegal) ) ;

b= bnum/bden;

psilO=log (exp (&thetal) * (a/b)) ;

formula for psil -- coefficient of late life exposure (this does not change from the no W scenario);
psil=&thetal;
formula for psi2 -- coefficient of mid life exposure;

cnum=1l+exp (&theta2+&betal+&betal) texp (&thetad+s&betal) +texp (&theta2+&thetad+ (2*&betal) +&betal) ;

cden= (l+exp (&betal+&betal)) * (1+exp (&betal)) * (1+exp (&omegal)) ;

c= cnum/cden;

dnum=exp (&theta6+&omegal) +exp (&thetad+&thetab+s&betal+s&betaz+&omegal) +exp (&theta2+&thetab+&betal+&betal+&omegal) +exp (&theta2+&th

etad+sthetaoc+ (2*&betal) +&betal+sbeta2+&omegal) ;

dden= (l+exp (&betal+&betal))* (1+exp (&betal+&beta2)) * (1+exp (&omegal)) ;

d= dnum/dden;

psi2=log (exp (&thetald) * ((c+d)/ (atb)));

formula for psi3 -- coefficient of early life exposure;

enum=1l+exp (&theta2+&betal) +texp (&thetad+sbetal+&betal) texp (&theta2+&thetad+ (2*&betal) +&betal) ;

eden= (l+exp (&betal)) * (1+exp (&betal+&betal) ) * (1+exp (&omegal) ) ;

e=enum/eden;

fnum=exp (&theta6+&omegal) +texp (&thetad+&thetab+sbetal+sbetal+sbeta2+sbeta3+s&omegal) +texp (&theta2+&thetab+&betal+somegal) +exp (&the

ta2+&thetad+stheta6+ (2*sbetal) +&betal+sbetal+sbetald+somegal) ;

fden= (l+exp (&betal)) * (1+exp (&betal+s&betal+sbetal+&betal)) * (l+exp (&omegal)) ;



f= fnum/fden;
psi3= log(exp (&thetab)* ((e+f)/ (a+b)));
keep /*psiO*/ psil psi2 psi3;
runy;
proc print data=truepsi;
run;
%mend calculate_ truth;

%macro trueptrtrange;
data pat;
runy
data pat;
set pat;
pat00=exp (&alphal) / (1+exp (&alphal)) ;
patlO=exp (&alphalO+&alphal) / (1+exp (&alphaO+&alphal)) ;
patOl=exp (&alphalO+&alpha?) / (1+exp (&alphaO+&alpha?)) ;
patll=exp (&alphal+&alphal+&alpha?2) / (1l+exp (&alphal+&alphal+&alpha2));

run;
proc print data=pat;
run;

%mend;

*Scenario 8 - collider;

%samples (thetal0=-6,thetal=0.69, theta2=0.41, theta3=0.58, theta4=0.41, theta5=0.58, theta6=-1.5, betal=-.3, betal=1.2, beta2=0.5,
beta3= 0.0, alpha0=0.00, alphal=0.41, alpha2=0.41, omega0=0.25, nsubjects=100000, nsamples=10000) ;
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SAS code for Table 2 and Supplemental Table 2. Difference in “true” versus estimated effects on the log odds scale under different
theoretical life-course model when information regarding early-life exposure is missing

MACRO ORDER
- %samples
- %$simulate
- %estimate

We generated data to assess possible differences in estimates obtained from conventional models versus MSMs estimated with IPW when
information on early-life depression was not available. We assumed that depression approximately tripled odds of AUD, AUD increased
odds of depression at the subsequent time point by 50%, and that AUD also doubled stroke risk. For each scenario, we approximated log
linear models with conventional logistic models under the rare disease assumption to estimate the lifetime effect of depression on
stroke, contrasting “depressed throughout life” with “not depressed at any point”. We then re-estimated the lifetime effect using
information only from mid- and late-life to mimic a real-world setting where follow-up started at mid-life. The percent bias was
calculated comparing the estimated effects to the “true” effects on the log odds scale.

Table 2 key

EARLY-LIFE MID-LIFE LATE-LIFE
true effect 3 true effect 2 estimated 2 true effect 1 estimated 1
thetab thetal etahat Al thetal etahat A2

*************************************************************************************************************************************;
options nonotes;

Smacro samples (thetal=, thetal=,theta3=,thetab=,alphal=,alphal=,alpha2=,nsubjects=,nsamples=);

* empty data set that will hold the nsamples MLEs of theta;
data thetafinal;
run;
data etafinal;
run;
%let seed = 20;
%do sample = 1 %to &nsamples;
%put sample = &sample;

%$let seed = %eval (&seed + 3);
%put seed= &seed;
%simulate;
%estimate;
%end;
/* THETA FINAL ————— - — o mmmmmm mm o */
title 'thetahat means';
proc means data=thetafinal stderr;
var Al A2;
output out=theta lifetime stderr stderr=Al A2 stderr;
run;
data thetafinal;
set thetafinal;



if n =1 then set theta lifetime stderr (drop= type freq );
Al A2 lower = Al A2 - (Al A2 stderr*1.96);
Al A2 upper = Al A2 + (Al A2 stderr*1.96);
if true lifetime>Al A2 lower and true lifetime<Al A2 upper then Al A2 CI coverage=l; else Al A2 CI coverage=0;
run;
proc means data=thetafinal n mean std STDERR clm;
var A2 A2 stderr A2 pct bias A2 CI coverage Al Al stderr Al pct bias Al CI coverage Al A2 Al A2 pct bias Al A2 lower
Al A2 upper true lifetime Al A2 CI_coverage ;
run;
%let true = &thetal;
%let pred = A2;
%let dataset = thetafinal;
proc sqgl;
create table theta mse A2 as
select mean((&pred.-&true.)**2) as MSE A2, sqrt(mean((&pred.-&true.)**2)) as RMSE A2 from &dataset.;
quit;
$let true = &theta3;
%let pred = Al;

%let dataset =

thetafinal;

proc sql;
create table theta mse Al as
select mean((&pred.-&true.)**2) as MSE Al, sqgrt(mean((&pred.-&true.)**2)) as RMSE Al from &dataset.;
quit;

$let true = true lifetime;

$let pred = Al A2;

$let dataset = thetafinal;

proc sqgl;
create table theta mse Al A2 as
select mean((&pred.-&true.)**2) as MSE Al A2, sqrt(mean((&pred.-&true.)**2)) as RMSE Al A2 from &dataset.;
quit;

title "theta hat MSE";

proc print data=theta mse A2; run;

proc print data=theta mse Al; run;

proc print data=theta mse Al A2; run;

/* ETA FINAL ——=———— - == - m— oo */

title 'etahat means';

proc means data=etafinal stderr;

var Al _A2;

output out=eta lifetime stderr stderr=Al A2 stderr;

run;

data etafinal;

set etafinal;

if n =1 then set eta lifetime stderr (drop= type freq );

Al A2 lower = Al A2 - (Al_A2 stderr*1.96);

Al A2 upper = Al A2 + (Al A2 stderr*1.96);

if true lifetime>Al A2 lower and true lifetime<Al A2 upper then Al A2 CI coverage=l; else Al A2 CI coverage=0;

run;

proc means data=etafinal n mean std STDERR clm;

var A2 A2 stderr A2 pct bias A2 CI coverage Al Al stderr Al pct bias Al CI coverage Al A2 Al A2 pct bias Al A2 lower

Al A2 upper true lifetime Al A2 CI coverage ;
run;



%let
%let
%let
proc

%let
%let
%let
proc

%let
Slet
Slet
proc

title

proc
proc
proc

true = &thetal;
pred = A2;

dataset = etafinal;
sql;

create table eta mse A2 as
select mean ((&pred.-&true.) **2)
quit;

true &theta3;

pred = Al;

dataset =

sql;
create table eta mse Al as
select mean ((&pred.-&true.)**2)
quit;

true = true lifetime;

pred = Al A2;

dataset = etafinal;

sqgl;
create table eta mse Al A2 as
select mean((&pred.-&true.)**2)
quit;

"eta hat MSE";

print data=eta mse A2; run;

print data=eta mse Al; run;

print data=eta mse Al A2; run;

etafinal;

%mend samples;

Smacro simulate;

data simsample;
* generating simulation dataset ;
do id= 1 to %eval (&nsubjects);

call

streaminit (&seed) ;
* A0 = Early-life depression

logitAQO = &alphaO ;
PAQ =

as MSE AZ,

as MSE_Al,

as MSE Al A2,

1/ (1+exp (-logitA0)) ;

uAO=rand ('uniform') ;
if uAO<=pA0 then A0=1;

if uAO>pAO>.
Mid-life depression
&alphalO +
pAl =

* Al =
logitAl =

then A0=0;

(&alphal * A0);
1/ (1+exp (-logitAl)) ;

uAl=rand ('uniform');
if uAl<=pAl then Al=1;

if uAl>pAl>.
* A2 = Late-life depression
logitA2 = &alphalO +
PA2 =

(&alphal * AO0)+
1/ (1+exp (-logitA2)) ;

then Al1=0;

(&alpha2 * Al);

uA2=rand ('uniform') ;
if uA2<=pA2 then A2=1;

if uA2>pA2>.

then A2=0;

sgrt (mean ( (&pred.-&true.) **2))

sgrt (mean ( (&pred.-&true.) **2))

sqgrt (mean ( (&épred.-&true.) **2))

as RMSE A2 from &dataset.;

as RMSE_Al from &dataset.;

as RMSE Al A2 from &dataset.;



B e ;
logitY = &thetaO + (&thetal * A2) + (&theta3 * Al) + (&thetab * A0Q);
pY = 1/ (1l+exp(-logitY)) ;
uY=rand ('uniform') ;
if u¥<=pY then Y=1;
if uY>pY>. then Y=0;
output;
end; /*subjects*/
keep id A0 Al A2 Y ;
run;
%mend;

%macro estimate;
/* GET THETAHAT ——————— oo o mm */
ods exclude all;
proc genmod data=simsample descending;
model Y = A2 Al / link=logit dist=binomial cl;
output out=simsample pred predicted=y pred;
ods output parameterestimates=simsample out;
run;
ods exclude none;
* transpose parameter estimates;
proc transpose data=simsample out out=simsample wide;
id Parameter;
var Estimate StdErr LowerWaldCL UpperWaldCL;

run;
data estimate; set simsample wide (drop=Intercept Scale); where NAME ='Estimate'; run;

data stderr; set simsample wide (drop=Intercept Scale); where NAME ='StdErr'; run;

data 1lcl; set simsample wide (drop=Intercept Scale); where NAME ='LowerWaldCL'; run;
data ucl; set simsample wide (drop=Intercept Scale); where NAME ='UpperWaldCL'; run;

data thetadata;
set estimate;
if N =1 then set stderr(rename=(Al1=Al stderr A2=A2 stderr));

if N =1 then set 1lcl(rename=(Al=Al lcl A2=A2 1cl));
if N =1 then set ucl(rename=(Al=Al ucl A2=A2 ucl));
drop NAME LABEL ;
run;
data thetadata;
set thetadata;
sample=&sample;
*keep sample A2 Al ;
Al A2=A1+A2;
true lifetime=&thetal + &theta3 + &thetab;
* CI coverage ;
Al CI coverage=.; if Al lcl<g&theta3. and Al ucl>&theta3. then Al CI coverage=1l; else Al CI coverage=0;
A2 CI coverage=.; if A2 lcl<g&thetal. and A2 ucl>&thetal. then A2 CI coverage=1l; else A2 CI coverage=0;
* pct bias ;
format Al pct bias percentn. A2 pct bias percentn. Al A2 pct bias percentn.;
Al pct bias=(Al/&theta3)-1;
A2 pct bias=(A2/&thetal)-1;
Al A2 pct bias=((Al+A2)/ (&theta3 + &thetal + &thetab))-1;



/*

Smend;

run;

data thetafinal;

set thetafinal thetadata;
if sample "= .;

run;

GET ETAHAT —————mmmm e m o o */
ods exclude all;

proc

genmod data=simsample descending;
model Y = A2 Al AO / link=logit dist=binomial cl;
output out=simsample pred predicted=y pred;
ods output parameterestimates=simsample out;
run;

ods exclude none;
transpose parameter estimates;

proc

data
data
data
data
data

data

transpose data=simsample out out=simsample wide;
id Parameter;
var Estimate StdErr LowerWaldCL UpperWaldCL;

run;
estimate; set simsample wide (drop=Intercept Scale); where NAME ='Estimate'; run;
stderr; set simsample wide (drop=Intercept Scale); where NAME ='StdErr'; run;
lcl; set simsample wide (drop=Intercept Scale); where NAME ='LowerWaldCL'; run;
ucl; set simsample wide (drop=Intercept Scale); where NAME ='UpperWaldCL'; run;
etadata;
set estimate;
if N =1 then set mse Al;
if N =1 then set mse A2;
if N =1 then set stderr(rename=(Al=Al stderr A2=A2 stderr));
if N =1 then set lcl(rename=(Al=Al 1cl A2=A2 1cl));
if N =1 then set ucl(rename=(Al=Al ucl A2=A2 ucl));
drop NAME LABEL ;
run;
etadata;

set etadata;

sample=&sample;

Al A2=Al1+A2;

true lifetime=&thetal + &theta3 + &thetab;

* CI coverage ;

Al CI_coverage=.; if Al lcl<&theta3. and Al ucl>&theta3. then Al CI coverage=1l; else Al CI coverage=0;
A2 CI coverage=.; if A2 lcl<é&thetal. and A2 ucl>&thetal. then A2 CI coverage=1l; else A2 CI coverage=0;
* pct bias ;

format Al pct bias percentn. A2 pct bias percentn. Al A2 pct bias percentn.;

Al pct bias=(Al/&theta3)-1;

A2 pct bias=(A2/&thetal)-1;

Al A2 pct bias=((A1+A2)/ (&theta3 + &thetal + &theta5))-1;

run;

data etafinal;

set etafinal etadata;

if sample "= .;

run;



Accumulation model with equal effects of depression on stroke across the life-course;
title 'Accumulation model with equal effects of depression on stroke across the life-course';
%samples (thetaO0=-6, thetal=0.69, theta3=0.69,theta5=0.69,alpha0=0.00,alphal=0.41,alpha2=0.41,nsubjects=100000,nsamples=10000) ;

Early life critical period;
title 'Early life critical period’';
%samples (thetaO0=-6, thetal=0.00, theta3=0.00, theta5=1.10,alpha0=0.00,alphal=0.41,alpha2=0.41,nsubjects=100000,nsamples=10000) ;

Pathway model;
title 'Pathway model';
%samples (thetaO0=-6, thetal=1.10, theta3=0.00,theta5=0.00,alpha0=0,alphal=0.41,alpha2=0.41,nsubjects=100000,nsamples=10000) ;

Accumulation model with increasing effect across life-course;
title 'Accumulation model with increasing effect across life-course';
$samples (theta0=-6, thetal=0.92, theta3=0.69, theta5=0.41,alpha0=0.00,alphal=0.41,alpha2=0.41,nsubjects=100000,nsamples=10000) ;

Accumulation model with decreasing effect across life-course;
title 'Accumulation model with decreasing effect across life-course';
$samples (theta0=-6, thetal=0.41, theta3=0.69, theta5=0.92,alpha0=0.00,alphal=0.41,alpha2=0.41,nsubjects=100000,nsamples=10000) ;
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SAS code for Table 3 and Supplemental Table 3. Estimated effects of depression on stroke under an accumulation model, expressed on the
log odds scale, comparing conventional regression and inverse probability weighting to estimate MSM parameters, in the presence of a

late-study-start and time-varying confounders.
*************************************************************************************************************************************;

options nonotes;

%macro samples (thetaO=, thetal=, theta2=, theta3=, thetad4=,theta5=,betal=,betal=,alphal=,alphal=,alpha2=,nsubjects=,nsamples=);
*calculates the true value of psi based on input choices of theta and beta;
%calculate truth;
$trueptrtrange;

*empty data set that will hold the nsamples IPW estimates of psi;
data psifinal;

run;

*empty data set that will hold the nsamples MLEs of theta;

data thetafinal;

run;

*running simulations;

slet seed = 20;

$do sample = 1 %$to &nsamples;
%put sample = &sample;

$let seed = %eval (&seed + 3);
$put seed= &seed;

$simulate;
%estimate;
%end;
/* PSTI FINAL ——————————mm oo o oo */
proc means data=psifinal stderr noprint;
var Al _A2;
output out=psi lifetime stderr stderr=Al A2 stderr;
run;

data psifinal;
set psifinal;
if n =1 then set psi lifetime stderr (drop= type freq );
Al A2 lower = Al A2 - (Al A2 stderr*1.96);
Al A2 upper = Al A2 + (Al A2 stderr*1.96);
if true lifetime>Al A2 lower and true_ lifetime<Al A2 upper then Al A2 CI coverage=l; else Al A2 CI coverage=0;
run;
title "psihat means";
proc means data=psifinal n mean std STDERR clm;
var A2 A2 stderr A2 pct bias A2 CI coverage Al Al stderr Al pct bias Al CI coverage Al A2 Al A2 stderr Al A2 pct bias
Al A2 lower Al A2 upper true lifetime Al A2 CI_coverage;
run;
%let true = psil;
%let pred = A2;
%let dataset = psifinal;
proc sqgl;
create table psi mse A2 as
select mean( (&pred.-&true.)**2) as MSE A2, sqgrt(mean((&pred.-&true.)**2)) as RMSE A2 from &dataset.;
quit;



%let true = psi2;

%let pred = Al;

%let dataset = psifinal;

proc sqgl;
create table psi mse Al as
select mean((&pred.-&true.)**2) as MSE_Al, sqgrt(mean((&pred.-&true.)**2)) as RMSE Al from &dataset.;
quit;

%let true = true lifetime;

%let pred = Al A2;

%let dataset = psifinal;

proc sgl;
create table psi mse Al A2 as
select mean( (&pred.-&true.)**2) as MSE Al A2, sqrt(mean((&pred.-&true.)**2)) as RMSE Al A2 from &dataset.;
quit;

title "psi hat MSE";

proc print data=psi mse Al; run;

proc print data=psi mse A2; run;

proc print data=psi mse Al A2; run;

/* THETA FINAL ---m————-—————————————————— - —————————————————————————— */

proc means data=thetafinal stderr noprint;

var Al A2;

output out=theta lifetime stderr stderr=Al A2 stderr;

run;

data thetafinal;

set thetafinal;

if n =1 then set theta lifetime stderr (drop= type freq );

Al A2 lower = Al A2 - (Al A2 stderr*1.96);

Al A2 upper = Al A2 + (Al A2 stderr*1.96);

if true lifetime>Al A2 lower and true_ lifetime<Al A2 upper then Al A2 CI coverage=l; else Al A2 CI coverage=0;

run;

title 'thetahat means';

proc means data=thetafinal n mean std STDERR clm;

var A2 A2 stderr A2 pct bias A2 CI coverage Al Al stderr Al pct bias Al CI coverage Al A2 Al A2 stderr Al A2 pct bias

Al A2 lower Al A2 upper true lifetime Al A2 CI coverage;

run;

%let true = psil;

%let pred = A2;

%let dataset = thetafinal;

proc sqgl;
create table theta mse A2 as
select mean( (&pred.-&true.)**2) as MSE A2, sqrt(mean((&pred.-&true.)**2)) as RMSE A2 from &dataset.;
quit;

%let true = psi2;

%let pred = Al;

%let dataset = thetafinal;

proc sgl;
create table theta mse Al as
select mean( (&pred.-&true.)**2) as MSE Al, sqrt(mean((&pred.-&true.)**2)) as RMSE Al from &dataset.;
quit;

$let true = true lifetime;

%let pred = Al A2;



%let dataset = thetafinal;
proc sgl;
create table theta mse Al A2 as
select mean( (&pred.-&true.)**2) as MSE Al A2, sqrt(mean((&pred.-&true.)**2)) as RMSE Al A2 from &dataset.;
quit;
title "theta hat MSE";
proc print data=theta mse Al; run;
proc print data=theta mse A2; run;
proc print data=theta mse Al A2; run;
title;
DM "log; clear; ";
%mend samples;

Smacro simulate;
data simsample;
do id= 1 to %eval (&nsubjects);
call streaminit (&seed);
* A0 = Early-life depression —-—-——=-=—-=-----"-"—-""-"-"-"-"—"-"-"—"-~-"—"~—~ "~~~ ;
logitAO = &alphalO ;
PAO = 1/ (1l+exp(-logitAQ)) ;
uAO=rand ('uniform') ;
if uAO<=pA0 then A0=1;
if uAO>pAO>. then A0=0;
* L1 = BEarly-life AUD ———————————-—— - - o ;
logitLl = &betal + (&betal * AQ0) ;
pLl= 1/ (l+exp(-logitLl)) ;
uLl=rand ('uniform');
if ulLl<=pLl then L1=1;
if ulLl>pLl>. then L1=0;
* Al = Mid-life depression —-—-——————————————"——"—"—\——"—~——(—(—\—~\—~—~————— ;
logitAl = &alpha0O + (&alphal * L1) + (&alpha2 * AQ0);
pAl = 1/ (l+exp(-logitAl)) ;
uAl=rand ('uniform') ;
if uAl<=pAl then Al=1;
if uAl>pAl>. then Al=0;
* 2 = Mid-life AUD - - —————————— - ;
logitL2 = &betal + (&betal * Al) ;
pL2= 1/ (l+exp(-logitL2)) ;
uL2=rand ('uniform') ;
if ul2<=plL2 then L2=1;
if ul2>pL2>. then L2=0;
* A2 = Late-life depression ---—----——-—-———-—-—-—--—-——-—————————— - ;
logitA2 = &alphaO + (&alphal * L2) + (&alpha2 * Al);
pA2 = 1/ (l+exp(-logitA2)) ;
uA2=rand ('uniform') ;
if uA2<=pA2 then A2=1;
if uA2>pA2>. then A2=0;
Y e ;
logitY = &theta0 + (&thetal * A2) + (stheta2 * L2) + (&theta3 * Al) + (&thetad * L1) + (&theta5 * AD)
pY = 1/ (l+exp(-logitY)) ;



uY=rand ('uniform') ;
if u¥Y<=pY then Y=1;
if uY>pY>. then Y=0;
output;
end; /*subjects*/
keep id A0 L1 Al L2 A2 Y ;
run;
%mend;

$macro estimate;

*numerator IPTW Al;

proc logistic NOPRINT descending data=simsample;
model Al= /*AQ0*/;

output out=modtnl p=ptrt nl;

run;

*denominator IPTW Al;

proc logistic NOPRINT descending data=simsample;
model Al=L1l /*A0*/ ;

output out=modtdl p=ptrt dil;

run;

*numerator IPTW A2;

proc logistic NOPRINT descending data=simsample;
model A2= Al ;

output out=modtn2 p=ptrt n2;

run;

*denominator IPTW A2;

proc logistic NOPRINT descending data=simsample;
model A2=L2 Al ;

output out=modtd2 p=ptrt d2;

run;

data new_sim;

merge modtnl modtdl modtn2 modtd2;
by id;

/*calculate time 1 part of weight*/
if Al=1 then do;

panl=ptrt nl;

padl=ptrt dl;

end;

else do;

panl=l-ptrt nl;

padl=l-ptrt dil;

end;

/*calculate time 2 part of weight*/
if A2=1 then do;

pan2=ptrt n2;

pad2=ptrt d2;

end;

else do;

pan2=1-ptrt n2;

pad2=1-ptrt d2;

end;



/*calculate products and stabilized weight*/
prod_n=panl*pan2;

prod_d=padl*pad2;

stabw=prod n/prod d;

runy;

/*

/*

GET PO IHAT ——————mmmmm o oo oo

ods exclude all;

proc genmod data=new sim descending;
model Y = A2 Al /* A0 */ / link=logit dist=binomial cl;
weight stabw;
ods output parameterestimates=psidata out;
run;

ods exclude none;

* transpose parameter estimates;

proc transpose data=psidata out out=psidata wide;
id Parameter;
var Estimate StdErr LowerWaldCL UpperWaldCL;

run;

data estimate; set psidata wide (drop=Intercept Scale); where NAME ='Estimate'; run;

data stderr; set psidata wide (drop=Intercept Scale); where NAME ='StdErr'; run;

data 1lcl; set psidata wide (drop=Intercept Scale); where NAME ='LowerWaldCL'; run;
data ucl; set psidata wide (drop=Intercept Scale); where NAME ='UpperWaldCL'; run;

data psidata;
set estimate;
if N =1 then set truepsi;

if N =1 then set stderr(rename=(Al=Al stderr A2=A2 stderr));

if N =1 then set 1lcl (rename=(Al=Al 1lcl A2=A2 lcl));
if N =1 then set ucl (rename=(Al=Al ucl A2=A2 ucl));
drop NAME _LABEL ;
run;
data psidata;
set psidata;
sample=&sample;
true lifetime=psil+psi2+psi3;
Al A2 = Al+A2;
* CI coverage ;

Al CI_coverage=.; if Al 1cl<psi2 and Al ucl>psi2 then Al CI coverage=1l; else Al CI coverage=0;
A2 CI_coverage=.; if A2 1lcl<psil and A2 ucl>psil then A2 CI coverage=l; else A2 CI_coverage=0;

* pct bias ;

format Al pct bias percentn. A2 pct bias percentn. ;
Al pct bias=((Al-psi2)/psi2);

A2 pct bias=((A2-psil)/psil);

Al A2 pct bias=((Al_A2-true_ lifetime)/true lifetime);
run;

data psifinal;

set psifinal psidata;

if sample "= .;

GET THE T AHAT = mm —— — oo oo o o o o

ods exclude all;

proc genmod data=new_sim descending;
model Y = A2 L2 Al L1 /*AO*/ / link=logit dist=binomial cl;



ods output parameterestimates=simsample out;
run;

ods exclude none;

* transpose parameter estimates;

proc transpose data=simsample out out=simsample wide;
id Parameter;
var Estimate StdErr LowerWaldCL UpperWaldCL;

run;
data estimate; set simsample wide (drop=Intercept Scale); where NAME ='Estimate'; run;
data stderr; set simsample wide (drop=Intercept Scale); where NAME ='StdErr'; run;
data lcl; set simsample wide (drop=Intercept Scale); where NAME ='LowerWaldCL'; run;
data ucl; set simsample wide (drop=Intercept Scale); where NAME ='UpperWaldCL'; run;

data thetadata;
set estimate;
if N =1 then set truepsi;

if N =1 then set stderr(rename=(Al=Al stderr A2=A2 stderr));

if N =1 then set lcl (rename=(Al=Al lcl A2=A2 lcl));
if N =1 then set ucl (rename=(Al=Al ucl A2=A2 ucl));
drop NAME  LABEL ;
run;

data thetadata;

set thetadata;
sample=&sample;
*keep sample A2 Al ;
true lifetime=psil+psi2+psi3;
Al A2 = Al+A2;
* CI coverage ;
Al CI coverage=.; if Al 1cl<psi2 and Al ucl>psi2 then Al CI coverage=l; else Al CI coverage=0;
A2 CI_coverage=.; if A2 1lcl<psil and A2 ucl>psil then A2 CI coverage=l; else A2 CI_ coverage=0;
* pct bias ;
format Al pct bias percentn. A2 pct bias percentn. ;
Al pct bias=((Al-psi2)/psi2);
A2 pct bias=((A2-psil)/psil);
Al A2 pct bias=((Al_A2-true lifetime)/true lifetime);
run;
data thetafinal;
set thetafinal thetadata;
if sample "= .;
run;

%mend;

%macro calculate truth;
data truepsi;

run;

data truepsi;

set truepsi;

* formula for psi0 --intercept of the MSM;
psilOfracnuml=exp (&theta2+&betal) ;
psilOfracdenl=1+exp (&betal) ;
psiOfracl=psiOfracnuml/psiOfracdenl;
psiOfrac2=1/psiOfracdenl;



psiOsuml=psiOfracl+psiOfrac?2;
psiOfracnum3=exp (&thetad+sbetal) ;
psiOfrac3=psiOfracnum3/psilOfracdenl;
psilOsum2=psiOfrac3+psiOfrac?;
exppsil=exp (&thetal) *psiOsuml*psiOsum?;
psil=log (exppsiO) ;

* formula for psil -- coefficient of late life exposure;
psil=&thetal;
* formula for psi2 -- coefficient of mid life exposure;

psi2numfracl=exp (&theta2+sbetal+&betal) ;
psi2denfracl=1l+exp (&betal+&betal) ;
psi2fracl=psi2numfracl/psi2denfracl;
psi2frac2=1/psi2denfracl;
psi2suml=psi2fracl+psi2frac?2;
psi2frac=psi2suml/psiOsuml;

exppsiz2=exp (&thetal) *psi2frac;
psi2=log(exppsi2);

* formula for psi3 -- coefficient of early life exposure;
psi3numfracl=exp (&thetad+sbetal+sbetal) ;
psi3fracl=psi3numfracl/psi2denfracl;
psi3suml=psi3fracl+psi2frac2;
psi3frac=psi3suml/psiOsum2;
exppsil3=exp (&thetab) *psil3frac;
psi3=log (exppsi3);

keep /*psiO*/ psil psi2 psi3;
run;

proc print data=truepsi;

run;

$mend calculate truth;

%macro trueptrtrange;

data pat;

run;

data pat;

set pat;

pat00=exp (&alphal) / (1+exp (&alphal)) ;

(
patlO=exp (&alphalO+&alphal) / (1+exp (&alphaO+&alphal)) ;
patOl=exp (&alphalO+&alpha?) / (1+exp (&alphaO+&alpha?)) ;
patll=exp (&alphalO+&alphal+&alpha?) / (1+exp (&alphal+&alphal+s&alpha2)) ;
run;
proc print data=pat;
run;
$mend;

*Late-study-start scenario with time-varying confounding under the accumulation model;
$samples (thetal0=-6,thetal=0.69, theta2=0.69, theta3=0.51, theta4=0.69, theta5=0.51, betal=-.3, betal=1.2, alpha0=0.00, alphal=0.41,
alpha2=0.41, nsubjects=100000, nsamples=10000) ;



