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Web Appendiz for GART model for recurrent event data with missing event type
S1. Derivation of the Closed Forms of 7(t,z¢) and py(to, zo)

First, we give the derivation of 7 (g, 2zg). As we stated in Section 2, under the MAR as-
sumption, mi(t,z) = F{A;(t)|dN;y(t) = 1,Z = z} is the same for each k. Suppose 7(t,z) ~
7(to,z0) = m when t € (to — h,to + h), z1 € (z190 — h,2190 + h) and zy = 2y, where h is
a d dimensional vector with each component as h. The likelihood function of 7 for subject
iint € (tg — h,tg + h), 21 € (210 — h,z10 + h) and z, = 2y is 74O (1 — 7)1=4®) The
log-likelihood function of 7 for subject i in t € (tg — h,to + h), z1 € (z10 — h,z10 + h) and
Zo = Zgo is A;(t) log(m) + {1 — A;(t)} log(1 — 7). The full local log-likelihood for 7 is

u(m) = Z K (Zy;—210)1(Zo; = ZQO)/Kh(t_tO)[Ai(t) log(m)+{1—A;(t)} log(1—7)]dN;.(¢).

i=1

An estimator of 7 is given by the maximizer of ¢(r),

#(to, z9) = St Kn(Zyy — 210)[(Zo; = 290) | Ki(t — to)Ai(t)dN;.(¢)
R S Kn(Zy; — 210)[(Zo; = 229) [ Ki(t — to)dN;.(t)

Next we give the derivation of py(to,zo). Under the MAR assumption, we can show that

pk<t0,Z0) = Pr{élk(to) = 1|Al(t0) = O,le(to) = 1, Zz = Z()}

= Pr{ézk(to) = 1|Az(t0) = ]_,sz(to) = 1, Zz = Zo}.

Suppose pi(t,z) = pi(to, zo) = pr whent € (to—h,to+h), 21 € (z210—h,z10+h) and z, = zy.
The likelihood function of py for subject i in t € (tg — h,to + h), 21 € (210 — h,z19 + h) and

Zo — Z9yo is

Define 6, = log{pr/(1 — 0" pr)}. Then pp = exp(fi)/(1 + 31—, exp(6x)). The log-

likelihood function of 6 for subject i in t € (tg — h,to + h), z1 € (210 — h,z10 + h) and
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Z9 = 79 is

=

-1

K-1
li(t, to, 2,205 0) = 0ir ()0 — log (1 + Z exp(@k)> :

k=1

e
Il
—_

The full local log-likelihood for 6 = (0y,...,0k_1) is

Z Kh le — ZIO)I(ZQ»L = Z9g /Kh t — to)A ( )lz<t, to,Z, Zo, Q)dNZ(t>

i=1
An estimator of 6 is given by the maximizer of [(6), which leads to

S Kin(Zai — 210) I (Zo; = 290) | Ki(t — t0)Ai ()03 (t)d
>oi1 Kn(Zyi — 210)1(Zai = 220) [ Kn(t — to) Ai(t)dN:.

p (t07 ZO)

Ni.(t)
(1)

S2. Proofs of Theoretical Results

S2.1. Notation and technical lemmas

Define
s A() .
NIV (t) = g)5< I(L; < TY < R; A1),
7=1 ;
NE (1) = Z{A — AN (L, < TV < Ry A1),
éOn(t07Z0> = — Z Kn(Z1, — 210) 1 (Zom = 22 /Kh (t —to)dNp. (1),
m=1

N

1 n
Gin(to,20) = - Z Ki(Z1m — 210)1(Zay, = 229) /Kh(t — 1) A (£)dNp,. (1),
m=1
éan<t0, Z()) = — Z Kh Zlm — ZlO)[(ZZm = Z2 /Kh t — to)A (t)dmk(t>de(t>
m=1

LEMMA 1: Under the reqularity conditions C6 and C7, we have

. , logn 1/2
sup [(1,2) ~(t,2)]| = O, (h +(nhdﬂ) ,

) , logn 1/2
StuPHpk(t»Z)_pk(tvz)H = O (h +(W) :
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, logn 1/2
O\ ) )

logn

. . 1/2
S;lzp ||G2kn(t7z) —pk(t,Z)G1n<t,Z>|| = Op <hr + (W) ) ’

sup ||éln(t7 Z) - ﬂ-(t7 Z)G()n(t? Z)H
t,z

Proof. Following the usual arguments in nonparametric regression (Mack and Silverman,

1982), we can show that

A ., logn 1/2
sup [Contt.2) ~ F@iz(0)] = 0, (w4 (55 ).
A logn 1/2
sup [Gantt.2) ~ F@n(t2)gato)] = 0, (14 (5 ) ),

ogn \
(t,Z) - f(Z)ﬂ'(LL,Z)pk(t,Z)gz(t) - OP h" + (éh%l—l—l) ) )

This immediately implies the desired results by following the fact #(t, z) = Gy, (t,2)/Gon(t, 2)

and ﬁk(ta Z) = éan(ta Z)/éln(ta Z)'

LEMMA 2: Under the regqularity conditions C1, C6 and C7, we have

ZXW?——ZXWW:WN% (1

sup

and

n—1/2 Z XZNzI]:V[/(t) . n—l/? Z XiNi/Z:IPW(t)

i=1 i=1

sup
t

= 0p(1). (2)

Proof. By simple algebra,

—ZXNJ}SW ——ZXNJ}SW
- _in< }]) t.)>A§j)5§,{) (Li < TY < Ry A1),

T

Equation (1) follows immediately from the regularity conditions C1, C7 and Lemma 1.
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Now, we prove equation (2). Note that

S XA

i=1

)

- A(J ,
- WZX Z 5 DL < TP < Ry At)

Z

n b 1 1 Ny .
—1/2 , _ (4) s(4) , (9) ,
+n E IXZ E 1( 5 _w(j)>Ai O I(L; <T;” < Ry Nt)
1= 1=

e %

= [1 + \/5127

where

no o AG) () 40)
1 G) _ ) 4

L o= =3 XY S < TV < Ry )
7T

i=1 j=1 ; i

) _ (J )2 A(J
()

+

| —
|'M
s
8

>
:]

()
R 0DI(L; < TV < Ry A1)

S~

It follows from Lemma 1 that

sup ’fri(j) — 7ri(j)
4,J

, logn 1/2
=0, |1+ nhdtl :

This together with the regularity conditions C6 and C7 imply that

r r— logn
sup ||Vl | = Oy (Wﬂ +/log k=02 4 ﬁhdH) = 0,(1).

By simple algebra,

o AJ i AE]) . .
Iy — —ZX Z =W (L < T < Ry A )

T ;

—Da (7O 7\ A9 |
GOn(TiJ ,Zi) (m;")?

1

1 S . |
- EZXiZ{Gln(T‘i(])azi)_WZ(])GO (T(J Z)Yf(Z) ™ (Ti(ﬂ))—l
=1 7=1
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(7N 2AVSPI(L; < TV < Ry At)

+= ZX Z{Gm D 2;) — 1P Con( T, Z)H Con( T, Z3) ™ — F(Zi) " 92,(T) 1}

(! )QA(JcSZkI(L <TY < R; A1)

_ ZZX ZKh (Zy — Z13)(Zoyy, = Zooy) /Khu— WA (w) — 77 VdN,,. (u)

i=1 m=1

()2 f(24) gzi(Ti(j)) AV (L, < TY < Ry At)

L . A ) g e ()
I ZX Z{Gln T(J Z1> _ ﬂ.i(J)GOn(Ti(J)’ Zz)} {G()An(Tz (;)Zz> f(Z’L)gZi (3}) ) }
= Gon(T;", Z:) f(Zi) 92, (T;")

(- 2A(”6ZkI(L <TY < R; A1)

= [211 - [212-

It follows from Lemma 1, the regularity conditions C6 and C7 that sup, ||v/nla|| = 0,(1).

To calculate \/nlsq, define

hSi,Sm) = X, ZKh (Zim — Z0i)(Zig, = Z) /Kh u— TV Ap(u) — 79N, (u)

7=1

(N2 £(2) gz (TN TAY D (L, < TV < R; A1),

and H(Sza Sm) = 2_1{h(si> Sm) + h(Sm: Sz)}7 where Sz = {Zza T’i(j)a Agj)aj = 17 27 - } Then

I = —ZHSZ,S +—ZZH i»Sm)

i=1 m#1

According to the mean zero property of H(S;,S;) and the strong law of large numbers, we

have sup, [n /2 37" H(S;,S)|| = o(1). It suffices to consider the U-processn™> Y77 37,

H(S;,S,,) only. Following the uniform convergence law of U-process stated in Theorem 7 of

Nolan and Pollard (1987),

n

Y H(S.S,) - % S BH(S:,S)IS]

i=1 m#i i=1

=o(1).

sup
t
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Following the usual arguments in nonparametric regression, we can show that

E[h(S:i,Sw)[Si] = O(h"),

(4)
E[h(Sm,S))|S:] = Z <A >p§;)I(L <TY < R; A t) +O(R),

Z
and further the convergence is uniform for ¢. Hence, we can conclude that

7)

Vil — —= ZXZ(( —1>p§,21(L <TY < R A1)

= op(1)

sup
t

Z

and

sup nfl/Q szN;]zW(t) — ([1 — \/51—211)

i=1

— sup||n/? Z XiN;};W(zﬁ) —p2 Z XNV ()

i=1

= 0,(1).

LEMMA 3: Under the reqularity conditions C1, C6 and C7, we have

LX) - S XN

sup

and

n*l/Z Z XlNﬁfp<t> . n71/2 Z XZN@?;PWOf)

sup
t i=1 i=1

Proof. Equation (3) holds by following the fact
= Z X NG (t) — — Z X NG (t)
= —ZX Z D60 + (1= AN — pINI(Li < T < Ri A1),

J=1

the boundedness of X; and Ny (t), and Lemma 1.
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To prove (4), note that

n71/2 Z XiNﬁgEP (t)

=1
_ —WZX Z AP — AP (L < TP < Ry A1)
Py X, Z ADSP + (1= ADPRI(L; < TV < Ri At)
n- 1/2zx (1= AN — )L < TP < Ron)
7j=1
= Jl + \/EJ%

n [e.e]

D@ () 7 |
Jy = EZXZZG%”T Zi) — Py Gun(T; ’ZZ)(l—AEJ))I(L <TY

n Cin(T7, Z,)
1 n n
= 5> DX Z Ky (Zam — Z1i) ] (Zom = Zos)
i=1 m=1

[ Kl = T A0 @) (G 0) ~ o YN, (1)
FZ) T @I g (T (1 = AN (L < TV < Ry A )
X S G (.2~ 610 2
i=1 j=1
|G, 2) 7 = 1(2) 7w ) g2 (1) | (1= AL < T
= Jo + Joo.

Simple algebra shows that

= —— ZX Z{ngn T(] plk Gln( )7 Zl)}

éln(Ti(j), Zi) . f(Z )F(])gz (T(j))

7

Gin(T, Z:) f(Z:)7? g2, (T

< RiAt)

< RiAY)

(1—ANI(L; < TY < Ry A 1).
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It follows from Lemma 1 that
- () W)@ () ., (Jogn \'?
SUp [|Gon (T3, Zi) — pit Gun(T3, Zi)ll = Op | 1+ | =57 ,
irj
and
5 (i) G, (i) ., (logn\"?
sup |G (137, Zi) — f(Zi)m; 92,(T;) || = Op [ B+ | —57 :
irj
By the regularity condition C6, we have

., T? logn
sup |vnJxg|| = O, (\/ﬁh2 + /lognh"~@+D/2 4 W) = 0,(1).

To calculate \/nJy;, define

h(S;,Sm)

= XS K(Z— Z0)(Zay, = Zo) /Kh (= T9) Ay () (S (1) — pP}d N, ()

7j=1

F(Z) 7 g (T 11— AL < TV < Ry A1),

and A (S, Sn) = 27 {A(Si,S) + h(Spm, Si)}. Then

Jy = — ZH S:,Si) ZZH S:,Sm)

i=1 m##i

According to the mean zero property of H(S;,S;) and the strong law of large numbers, we

have sup, [|n =32 377" | H(S;,S;)|| = o(1). Tt suffices to consider the U-process n™2 Y27 37,

H(S;,S,») only. Following the uniform convergence law of U-process stated in Theorem 7 of
Nolan and Pollard (1987),

3/2 ZZH Si, Sm) %ZE[H(Sivsm”Si]

i=1 m#1

=o(1).

sup

Following the usual arguments in nonparametric regression, we can show that

E[h(Si,Sw)[Si] = O (1"),

E[h(S.,Si)|S:] = Z m AU —pINI(L; < TV < R A )+ O (R,
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and further the convergence is uniform for ¢. Hence, we can conclude that

o

n 9)
1 1 — 7 N . .
Vo — 7 > Xy —— AV = (L < T < Rint)
i=1 j=1

i

= 0p(1)

sup
t
and

sup (n 72 X NG () — (Jy + Vidy)

=1

= 0,(1).

K] R0 S TR et
i=1 i=1

LEMMA 4:  For any sequence {B,(7),7 € (0,U]} that satisfies SUD, ¢ (0,0] |ve{B(T)} —

VE{Bok(T)H| = 0, we have

nTV2N CXNGXBe(r) = Y XN X By () }
=1 =1

sup
7€(0,U]
— ' 2[og{Bi(7)} = vrl{ Bor(T)}]|| = 0.

Proof. The proof of Lemma 4 follows by that of Lemma B.1 in Peng and Huang (2008),

and we omit it here.

S2.2. Proofs of Theorems 1-2

Proof of Theorem 1: Simple algebra shows that

S XN exp{X]B4()}) — BXoNa(exp{X] By (7))
= 3 XN (XIBL)] - 5 Y XN (e (X8 ()
b > Xilii(exp{XiBi()}) — v Bi(7)} + viBi(m)} - vu{Buil(m)}  (5)

for L = IPW or EEP, and

3 [M X XB st - £ | [ X¥ien(XTButw Dt
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= 3 [T X XBi st - [ o)t
+ [ o181 - o Hau)du ©)

According to the estimation procedure proposed in Section 2 and the definition of a gener-

alized solution,

! ZX K ep (XIB; () Z " xvten Bl o, (). @

On the other hand,

XN (exp{X! 8oy (1)})] — E [ I Xm<exp{x?ﬂ0k<u>}>g<u>du} o ®)

It is seen from the foregoing four equations (5)—(8) that

v Bi(7)} — vi{Bun(7)}
- - {% > XN XA ) 3 XiNiLk(exp{XIBz(m})}

{ ZX NE (exp{X[By(1))}) — Uk{BZ(Tj)}}

23 [ e OXTBL Dt [ BB}

o3 [ o) - siawamano, (1)
=1 Y T-1
For any given Cy > 0 and 6 > 0, according to Lemmas 2 and 3, there exists a constant Ny such
that Pr (sup; [}~ S0, X, N (exp{XB; (7)) — n™! Tis, XV (exp (X3 ()} < C) >
1—0 whenn > Ny. Consider G; = {X;N}j{exp(X/b)} : b € RP} and G, = {X;Y;{exp(X/b)} :
b € RP}. Both G, and G, are Glivenko—Cantelli class (van der Vaart and Wellner, 1996) under
the regularity conditions C1 and C7 because the class of uniformly bounded monotone
functions is Donsker class and thus Glivenko-Cantelli class. It follows from the Glivenko-

Cantelli theorem that supy, ||[n™' Y7 X; N5 {exp(X[b)} — vi(b)|| = 0 almost surely, and
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supy, [[n~t >0 XiYi{exp(X[b)} — ©(b)|| — 0 almost surely. Consequently, for any given

Ci >0,

sup
J

_ %ZXiNiﬂexp{xmz(m}) + vi{B(7)}

T

" o{B(u)}g(u)dul| < Oy

almost surely when n is sufficiently large.

Consider the case sup; [[n=" 321, XN (exp{X] By (1) })—n " Sy XN (exp{ X[ By (7)) <
Co. Define ¢g = Csa,, ¢ = (1 + Cya,)"H(Cy + C1 + €Cya, + Con™t + Csa,) for | =
1,...,L(n), where a, = ||Srm ||, Ci(i = 2,3,4) are some positive constants. Under conditions
C1-C3, following the same arguments as in Peng and Huang (2008), we can show that
SUDyefuy 1 ,u) loi{ B (1)} — ve{Box(u)}]| < e. Suppose Sin is an equally spaced grid, then
L(n) = U/ay,. Given lim,_,q a, = 0, we have lim,_,(1 + Cya, )™~ = exp(C,4U). Because

a, — 0 and Cy, C can be arbitrarily small as n increases, we have

sup [ o { By (u)} — vi{ Bor(w)}I| = 0. (9)

ue(0,U]

Similar to Peng and Huang (2008) and Sun et al. (2016), it follows from the regularity
condition C3 that vi(-) is a one-to-one map from By(dy) to A(dy) = {vi(b) : b € B(dp)}.
There exists an inverse function k(+) from A (dy) to B(dp) such that kx{vi(b)} = b. Using
Taylor expansion of k{v{By(u)}} around vi{By, ()}, Sup,ep vy 18y (1) — By (w)l| == 0
follows under the regularity condition C5.

Proof of Theorem 2: From (9) in the proofs of Theorem 1 and Lemma 4, we have
WS XN XIBL) - Y XN (X7}

i=1 =1

— 0! lo Br(r)} — vl Bon(7)}] H — 0. (10)

sup
T€(0,U]
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Similarly, we can get

n~Y2Y X Yi(exp{X]B,(1)}) — n Y X Yi(exp{X[ By (7)})

i=1 i=1

— ' [o{B(r)} = o{Bun(7)}] H — 0. (11)

sup
7€(0,U]

It follows from Lemmas 2 and 3 that

sup
7€(0,U]

w2y XKNGXIB (1)} —n YD XN X 2<r>}H -0 (12)

=1 =1

for L = IPW and EEP. Given n'/?||Sy,)|| — 0, we can show that

EYX, {N;{XIB;(T)} _ / ' mexp{xmz(u)})g(u)du} — og0.01(1) (13)

for L = IPW or EEP, where o((1) denotes a term that converges uniformly to 0 in u €

(0,U]. Then it follows from (10)—(13) that

- {n/ Z X, {N@IPW{XI 7} = [ Vilexn(X] Ok<u>}>g<u>du}}

= 0o B} oIl — [ 020440}  9{Bu (w0 alu)du + o (1)
= nl/z[’vk{BZ(T)} — Ui Box(7)}]

- /0 3 {Bor(W)}Bi{Bor(w)} 0 *lord By (u)} — vi{ Boi () Hy(u)du + 00,01 (1).

Viewing the above equation as a stochastic differential equation for n'/2[v, {8, (1)} —vr{Box (u)}],

and using product integration theory (Andersen et al., 1993), we get
n'?[wi{B(7)} = vi{ Bon(1)}] = S{—n""*S,{Bur (1) }} + 00,0 (1),

where 8, {80, (1)} = n~" 320, Xi { NG {X[Bo(7)} — Jy Yilexp{X]Bui(u)}g(u)du}, p(w)(u) =

Jo Z(s,u)dw(s) is a linear operator on F = {w : [0,U] — RP, w is left-continuous with right



Web Appendiz for GART model for recurrent event data with missing event type 13

limit, w(0) = 0}, and

Z(s,t) = | L+ I{Boi ()} Ba{Bor(w)} " g(u)dul.

u€(s,t]

Consider Gy = {X;[N™ (X[ Bo(1)) — [ Yilexp{X[Bo(w)})g(u)du],7 € [v,7]}. Under
the regularity conditions C1 and C7, G3 is a Donsker class (van der Vaart and Wellner,
1996). By the Donsker theorem and the linear property of ¢, ¢{—n'/?S,{B,(7)}} converges
weakly to a mean zero Gaussian process. It follows from Taylor expansions and the uniform

consistency of BZ(U) stated in Theorem 1 that
”1/2{32(7) — Bo(7)} = n~!? Z N, (W) + 0(,0(1),
i=1
where 7;,(u) = By{Bo(u)} ' @(&;) with

€u(r) = X, { N (X0} - [ Vitexn(XBuu(w D)}

This implies n*/2{3, (1) — B,(r)} converges weakly to a mean zero Gaussian process with

the covariance matrix X(s,t) = E[n,.(s)n,.(t)"].

S3. Additional Simulation Results

We present the additional simulation results in this Section. Figure S1 shows the results for

type-2 event coefficients in Case 2.
[Figure 1 about here.]

The coefficients estimates for type-1 event and type-2 event in Case 1 are depicted in

Figures S2 and S3 respectively.
[Figure 2 about here.|
[Figure 3 about here.]

Figure S4 presents the comparison of type-2 event coefficient estimates in Case 2 with

different values of h.
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[Figure 4 about here.|

In addition, we present the four estimators’ empirical standard derivations under four

different situations in Figures S5-S8.
[Figure 5 about here.|
[Figure 6 about here.]
[Figure 7 about here.|

[Figure 8 about here.|

S4. Sensitivity Analysis of the MAR assumption in CFFPR Data

In this Section, we investigate the sensitivity analysis of the MAR assumption in CFFPR
data. When calculating the IPW or EEP estimator in the CFFPR data, the key task is
to estimate the conditional probability of event type being observed or the missing event
type being a specific type given Z; and Ti(j). Different choice of Z; may lead to different
results. In the manuscript, we set Z; =(Sex, MI, NewScreen, FamilyHis)'. Here we choose
Z; =(NewScreen, FamilyHis)". The corresponding results for nonmucoid and mucoid event
types are depicted in Figure S9 and Figure S10 respectively. We find that the results are

very similar, which shows the robustness of our method.
[Figure 9 about here.]

[Figure 10 about here.]

S5. Sample Code

We now provide a link to a webpage where readers can access our sample code for imple-

menting the proposed method; see http://webl.sph.emory.edu/users/lpeng/Rpackage.html



Web Appendiz for GART model for recurrent event data with missing event type

References

Andersen, P., Borgan, O., Gill, R., and Keiding, N. (1993). Statistical Models Based on
Counting Processes. Springer, New York.

Nolan, D. and Pollard, D. (1987). U-processes: rates of convergence. The Annals of Statistics
15, 780-799.

Peng, L. and Huang, Y. (2008). Survival analysis with quantile regression models. Journal
of the American Statistical Association 103, 637-649.

Sun, X., Peng, L., Huang, Y., and Lai, H. (2016). Generalizing quantile regression for
counting processes with applications to recurrent events. Journal of the American
Statistical Association 111, 145-156.

van der Vaart, A. and Wellner, J. (1996). Weak Convergence and Empirical Processes.

Springer, New York.

Received April 2017. Revised ? 7.

Accepted 7 7.

15



Perturbed CP Standard Error Empirical Bias
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The simulation results for type-2 event coefficients in Case 2. IPW, the inverse

probability weighting estimator; EEP, the estimating equation projection estimator; CC, the
complete-case estimator; Full, the full data estimator. SD, the empirical standard derivation.

ASE, the average standard error. CP, the coverage probability.
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Figure S2. The simulation results for type-1 event coefficients in Case 1. IPW, the inverse
probability weighting estimator; EEP, the estimating equation projection estimator; CC, the
complete-case estimator; Full, the full data estimator. SD, the empirical standard derivation.
ASE, the average standard error. CP, the coverage probability.
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Figure S3. The simulation results for type-2 event coefficients in Case 1. IPW, the inverse
probability weighting estimator; EEP, the estimating equation projection estimator; CC, the
complete-case estimator; Full, the full data estimator. SD, the empirical standard derivation.
ASE, the average standard error. CP, the coverage probability.
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Figure S4. The comparison of type-2 event coefficient estimates in Case 2 with different
values of h. IPW, the inverse probability weighting estimator; EEP, the estimating equation
projection estimator. SD, the empirical standard derivation.
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Figure S5. The empirical standard deviations for type-1 event coefficients in Case 1.
IPW, the inverse probability weighting estimator; EEP, the estimating equation projection
estimator; CC, the complete-case estimator; Full, the full data estimator. SD, the empirical
standard derivation.
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Figure S6. The empirical standard deviations for type-2 event coefficients in Case 1.
IPW, the inverse probability weighting estimator; EEP, the estimating equation projection
estimator; CC, the complete-case estimator; Full, the full data estimator. SD, the empirical
standard derivation.
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Figure S7. The empirical standard deviations for type-1 event coefficients in Case 2.
IPW, the inverse probability weighting estimator; EEP, the estimating equation projection
estimator; CC, the complete-case estimator; Full, the full data estimator. SD, the empirical
standard derivation.
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Figure S8. The empirical standard deviations for type-2 event coefficients in Case 2.
IPW, the inverse probability weighting estimator; EEP, the estimating equation projection
estimator; CC, the complete-case estimator; Full, the full data estimator. SD, the empirical
standard derivation.
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Figure S9. CFFPR data example: the proposed IPW coefficient estimates (blue solid lines)
and their corresponding 95% pointwise confidence intervals, the proposed EEP coefficient
estimates (green solid lines) and their corresponding 95% pointwise confidence intervals,
along with the complete-case (CC) coefficient estimates (black dotted lines) for nonmucoid
PA infection.
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Figure S10. CFFPR data example: the proposed IPW coefficient estimates (blue solid
lines) and their corresponding 95% pointwise confidence intervals, the proposed EEP
coefficient estimates (green solid lines) and their corresponding 95% pointwise confidence
intervals, along with the complete-case (CC) coefficient estimates (black dotted lines) for

mucoid PA infection.




