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Abstract

Three-level cluster randomized trials (CRTS) are increasingly used in implementation science,
where 2fold-nested-correlated data arise. For example, interventions are randomly assigned to
practices, and providers within the same practice who provide care to participants are trained with
the assigned intervention. Teerenstra et al proposed a nested exchangeable correlation structure
that accounts for two levels of clustering within the generalized estimating equations (GEE)
approach. In this article, we utilize GEE models to test the treatment effect in a two-group
comparison for continuous, binary, or count data in three-level CRTs. Given the nested
exchangeable correlation structure, we derive the asymptotic variances of the estimator of the
treatment effect for different types of outcomes. When the number of clusters is small, researchers
have proposed bias-corrected sandwich estimators to improve performance in two-level CRTs. We
extend the variances of two bias-corrected sandwich estimators to three-level CRTs. The equal
provider and practice sizes were assumed to calculate number of practices for simplicity. However,
they are not guaranteed in practice. Relative efficiency (RE) is defined as the ratio of variance of
the estimator of the treatment effect for equal to unequal provider and practice sizes. The
expressions of REs are obtained from both asymptotic variance estimation and bias-corrected
sandwich estimators. Their performances are evaluated for different scenarios of provider and
practice size distributions through simulation studies. Finally, a percentage increase in the number
of practices is proposed due to efficiency loss from unequal provider and/or practice sizes.
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1| INTRODUCTION

A cluster randomized trial (CRT) design is utilized when the randomization at the subject
level is not practical. The unit of randomization might be hospitals, clinics, classrooms, and
so on. Moons et al showed that the comparison in impact studies is scientifically strongest
when a CRT is considered.! Using a prediction model on improved health outcomes and
cost-effectiveness of care, Moons et al indicated that its impact should be assessed ideally in
CRTs.2 Dissemination and implementation (D&I) research is an emerging field in health and
public health. Implementation strategies are central to D&I research and thus CRT designs
have an appealing feature compared with the patient-level randomized trials. Furthermore,
CRTs are greatly needed for effectiveness research from efficacy science to real world
practice.3# Therefore, there has been growing interest in conducting CRTs.5-11 Such trials
have two levels: study subjects are nested into clusters. As noted, three-level CRTs have
been considered as well. For example, interventions are randomly assigned to practices.
Providers within the same practice who provide care to participants are trained with the
assigned intervention. These CRTs have a three-level structure: providers could be correlated
within a practice, and the participants could be correlated within a provider. Another
example is a study conducted by Faggiano et al.12 They investigated the effect of a school-
based substance abuse prevention program through a CRT, where schools (“clusters™) were
randomly assigned to one of experimental arms. The primary outcomes of the study were
behavioral endpoints from the students (“subjects”) with data collected at baseline, 6-month
and 18-month follow-up (“evaluations from multiple time points”). As such, measurements
across the different time points are correlated within a student and students are correlated
within a school. Hereafter we use a CRT with practice, provider, and participant levels as the
three-level example.

Sample size calculation plays an important role at the stage of study design for investigators.
In the design of two-level CRTSs, the cluster sizes are often assumed to be identical across
clusters. However, equal cluster sizes are not guaranteed in practice. The relative efficiency
(RE) of unequal vs equal cluster sizes has been investigated when testing the treatment
effect.13-16 Consequently, more clusters are needed to cover the efficiency loss due to
unequal cluster sizes. In the design of three-level CRTSs, the required sample sizes include
the number of practices /m, practice size (number of providers per practice) n;, 7i=1,---, m
and provider size (number of participants per provider) k=1, - - -, Kj;. Heo et al considered a
mixed-effects linear regression model for continuous outcomes, used a test statistic based on
maximum likelihood estimates, and derived a closed form power function and formulae for
sample size determination required to detect a treatment effect on outcomes.1” Within the
generalized estimating equations (GEES) approach, Teerenstra et al proposed a three-level
(nested) exchangeable correlation structure that accounts for two levels of clustering and
derived a sample size formula for both continuous and binary outcomes assuming equal
practice sizes 7;= nand equal provider sizes Kj;= K18

In our previous work we utilized GEE models to test the treatment effect in a two-group
comparison for continuous, binary, or count data in two-level CRTs.15 In this article we
extend this work to three-level CRTs with an assumption of Kj;= Kj. Given the nested
exchangeable correlation structure, we derive the asymptotic variances of the estimator of
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the treatment effect for different types of outcomes. RE is defined as the ratio of variance of
the estimator of the treatment effect for equal provider size and equal practice sizes to
unequal provider size and/or unequal practice sizes. A simpler formula of RE with
continuous, binary, and count outcomes is obtained. However, using the covariance
estimator obtained from GEE can inflate type | error rates when the number of clusters is
small.19-21 Therefore, we also consider three-level CRTs with a small number of practices in
a two-group study for all three kinds of outcomes. We use two bias-corrected sandwich
estimators, an MD-corrected estimator proposed by Mancl and DeRouen?® and FG-
corrected estimator proposed by Fay and Graubard,?2 and derive the variances of both
estimators of the treatment effect used in sample size calculation. The same definition of RE
is used and REs are investigated for several scenarios of provider and practice size
distributions through simulation studies. Finally, we propose the percentage increase in
number of practices due to efficiency loss from unequal provider and/or practice sizes.

The outline of this article is as follows. In Section 2, we briefly summarize the GEE methods
proposed by Liang and Zeger,23 introduce the “nested exchangeable” correlation structure,
and derive the variance of the estimator of the treatment for three kinds of outcomes
(continuous, binary, and count) in a two-group comparison. Section 3 shows the variance of
the estimator of the treatment effect in two bias-corrected sandwich estimators for three
different kinds of outcomes. Section 4 introduces the REs of unequal vs equal provider
and/or practice sizes, presents the simulation designs about provider and practice size
distributions and provides the results of REs through simulations. In Sections 5 and 6, we
propose the algorithm and illustrate how to increase the number of practices due to
efficiency loss through a real example. The last section discusses the limitations and
directions for future research.

2| STATISTICAL GEE MODEL

Let Y be aresponse from participant k=1, - - -, Kj; for provider j=1, - - -, njin practice /
=1, -, m Let X;j; = (X;jk1. - Xijkp) e a covariate vector and = E( Yl X jx) be a
marginal mean response given X . The marginal model is g(u; jx) = X;jiB. Let
Y= (Yijla ---,Yin,-j), Hij= (ﬂijlv '",mjK,-j), and X;; = (Xijl’ ""Xin,-j) be the 1 x K
response vector, 1 x Kj;marginal mean response vector, p x Kj;covariate matrix of provider
Jin practice / respectively. Let Y; = (Y,-l, ---,Y,-n,.)’, Hi = (ﬂu, '",umi)', and X; = (X,-l, ---,X,-,,I,)
be the matrices of responses, marginal mean responses, and covariate of the providers in
practice / respectively. The mean of Y is denoted by ;= £(Y) and the variance of Y;is

172 1/2 .
Cov(Y; | X;) = 0A}*Ryo(p)Al’*, where 4, = diag{y(gi11), -+ Y1 K)» -+ ¥ (Himg1 )» = Y(HimK)

nj nj . . . .
and a Yo Kijx X2 Kij correlation matrix R p(eg) describes the correlation of measures

within the ith practice with a vector of association parameters denoted by ay. Both yand 6
are dependent on the distribution of responses. If Yjj is normally distributed, )(z) =1 and
@is the random error variance o2; if Yijk is binary, y() = il = wijj) and 6= 1; if Y is
count with a Poisson distribution, () = tjjxand 6=1.

Stat Med. Author manuscript; available in PMC 2021 August 09.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Liu and Colditz

Page 4

Liang and Zeger?3 showed that \/m(B — p) is asymptotically multivariate normal with a

covariance matrix Vg= lim m(EIIEOZII), where £; = Y7 ID;V,-‘IDi,

m— oo
o= X" DiV;i lcov(Y; | X,)V7 'D;, D; = ou;/0p and V;is a working covariance matrix of
Y. In order to obtain the variance matrix Vg, R p(aqg) must be positive definite (PD). Let
Rjw) be a 2?’; 1 Kijx Z;.'iz 1 Kij working correlation matrix with a vector of association

ne

parameters w. The working covariance matrix is expressed as ¥; = 0A}/?R; ,(@)A}’* and is

unequal to Cov(Y ] X)) unless R;{@) = R p(ay). For simplicity, the working correlation
matrix R (@) is denoted by R {w) from now on.

We implement the three-level exchangeable working correlation structure proposed by
Teerenstra et al8

Riw(”’ p) = l’lKinl' X Ki"i + (- /))Bdiagni(lKi X Ki) +(1- r)IKi"i X Ki"i’

where rdenotes the correlation structure includes correlation among participants within the
same provider in the same practice and p denotes the correlation among participants with
different providers in the same practice. Please note the equal number of participants across
providers in practice / Kjj= Kj, must be assumed in this exchangeable working correlation
structure. In order to obtain the variance matrix VR, given a value of K;and n;, PD of R;(,
p) can be determined if the constraints holds,

1+(K;j—1)r 1+(K;j—1r

1
—7Ki_l<r<1,— K= 1) <p< K

here A1 =1-1, Ay = 1+(K-1)r-K,, 43; = 1+ (K — 1)r + K(n; — 1)p are the distinct
eigenvalues of R;,(r, p). The proof was provided by Web Appendix A in the work of Li et al
(https://onlinelibrary.wiley.com/action/downloadSupplement?
doi=10.1111%2Fbiom.12918&file=biom12918-sup-0002-SuppData.pdf).2* Teerenstra et al
showed that

pal P __T=P g4 1
R; “(r,p) = /135/12[1Ki"i><’<i"i (l—r)/IZ[Bdlag"i(IKiXKi)+ 1—rIKi"iXKi"i’

The proof was shown in Web Appendix 2 in the work of Teerenstra et al (http://
www.biometrics.tibs.org/).18 This inverse matrix is used to derive the expression of Vg in
the following subsections.

For the purpose of sample size calculation at the design stage, we need to assume values for
the variance and covariance of Y; When V;is assumed to be the same as cov(Y;j| Xj), Zg = X1

and Vg = lim mEl_l. Suppose the treatment assignment is coded in the last column of the

m— o0

cluster covariate matrices X; and the corresponding last parameter of Bis g, Let Vjzdenote
the (p, pth element of V. Thus, ym(B, — B,) has an asymptotically normal distribution M0,
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Vjp), equivalently, Var(j ,) = v p/m. For simplicity, p= 2. Specifically, the coefficients S, is

X Kjnj

the intercept, 5 is the treatment effect. The design matrix is X;y¢ = for th cluster

1 X K;n;

1 X Kin;

assigned to the treatment group, and X;cont = for #h cluster assigned to the control

01 X Kin;
group, respectively. The cluster allocations of the treatment and control groups are, /. =
mre and Mgont = M(1 — ), where r is the group allocation. The hypotheses of interest are

Ho: B> =0 vs Hy: B = By, where By # 0.

2.1| Continuous outcome
We use an identity link function on the continuous outcome, that is, g; = X;8, and V;=
o®R(r, p). With this setting, D; = op;/ 0p' = X;

m m
-1 1 -1 1
X = ) DiV; D,~=;2X,-R,- X,f=?
i=1 i=1
Kl'l’li Kﬂ’l,’ K,'l’l[ (1)
i€t A3 i € cont A3 i€t A3
K;n; Kin; |
i€t A3 i€t A3

where 7€ trt denotes all practices assigned to the treatment group, and 7 € cont denotes all
practices assigned to the control group. The key steps of proofs are shown in Appendix 1.

—. If they are

L S
(l-7n) _m Kin

=175

Similar to the proof in Shih’s paper,2® we can show v =

equal practice sizes 77;= nand equal provider sizes K;= K, then A, =1+ (K- 1)r- K,, A3
=1+(K-1r+ Kn-1)pand

0'2/13

- > 2
(1l —n)Kn"~ @

Vp

The sample size formula for number of practices when assuming equal provider and practice

"213 (Zl —a/2t Zpower)2
(1l — 7)Kn ﬁ[%
is the 100xa percentile of a standard normal distribution. Please note that Equation (2) is
same as the formula in sect. 4.3 in the work of Teerenstra et al for three-level data.1® When

K =1, atwo-level CRT or longitudinal study, it reduces to Equation (4) in Shih’s paper.2>

sizeism = , Where a is a pre-specified significance level, and z,
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2.2

2.3]

Binary outcome
We consider the logit model: y; = p; = exp(X}B)/(1 + exp(X;B)). Here,
Pijk = po = exp(B1)/(1 + exp(py)), for all practices in the control groupand j=1,- - -, 77 and
Pijic= p1 = exp(By +B2)/(1+exp(By +/52)), for all practices in the treatment group and j = 1

%) equals 3. Therefore,

the null hypothesis Hg: 8, = 0 is equivalent to g = p1. Under this scenario,
D; = op;/ op = py(1 — po)(lKl.,,l.>< 10K iy x 1) for the practices in the control group, denoted by

-, ;. The logarithm of odds ratio for the response log(

D jcont» @nd D; = py(1 — p1)(1 Kjmi x 15 LK mp x 1) for the practices in the treatment group, denoted

by D and V= p{1 = pIRA’, ). Thss,

1—p1)2—+170 -m ) ,,Pl(l )ZIZ[’

icut 3 i € cont i € trt

Z= Kn Kn; | ®)
nl=p) ), 5 nl=p) ) 54—
i € trt icut 3
and
_ m ( 1 1
V5=, Kini\ﬂm(l—m)+(l—fr)p0(l—po))'
Zi =1 23
1
If n;= nand K;= K, then
A3 1 1 )
Vg=—— + 4
P~ Kn\zm(—p1) T (T =opo(l = ) @

The sample size formula when assuming equal provider and practice size is

2
43 1 1 \(Zl —a/l2t zpower)
= Ka\mpil—pp) T T om0 - ) P

/
, Where g, = log( P10 )

(I=pD)/(1=po))

Please note that Equation (2) is same as the formula in sect. 4.4 in the work of Teerenstra et
al,18 and reduces to Equation (6) when K= 1 in Shih’s paper.2®

Count data
We consider the log linear model to analyze the count data, u; = exp(X;p),
D; = op;/ 0’ = Xjexp(X;p), and

Aj = diag{exp(Xl’-l 1B) ---,exp(le] Kl_ﬂ), --~,eXp(leniﬂ), -~-,exp(Xl'~niKiﬁ>} .

Specifically, Djcont = ¢’ X/eon ANd Ajeont = P11 K;m; x K;n; O the subjects in the control
group, and Dy = 1 ¥ 22X, and Ay = 1 P21 K;n;  K;n; T the subjects in the treatment

group.
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m
w1 + 1y 1y
= Y DVi' D= Y X R X+ e Y XiconRT Xicont
i=1 i €trt i € cont
1L+ 82 Kini g Kini gy +p Kin;
e — +e -, € —_
i;rt A3i i E%)nt A3i i;rt A3i ©
- b1+ Kin; b1+ 5 Kin; |
e —_, e —_
i;rt )”3’. i;rt /13i
and
Vo m (1 1 )
ﬁ eﬂ]zm Ki”ik”eﬁz-i_ 1—-x
=175
If ;= nand K;= K, then
s (1 1 )
Vg= + . (6)
/ Kneﬁl\ﬂeﬁ2 l-z
. . . B3 (1 1 \(21 —al2+7 ower)2
Correspondingly, the sample size formula is m = +7 5 P .
KneP1 \n’eﬂb - ﬂ} Bh

Under the assumptions of K= 1, equal practice size nand equal allocation = = 0.5, Equation

(4) reduces to Mﬂ;””](% + 1), same as Equation (19) developed by Amatya et al.2
ne e

For practical purposes, ¢, with m — 2 degrees of freedom is substituted for z, in all sample
size formulas.

3| BIAS-CORRECTED SANDWICH ESTIMATORS

The empirical sandwich estimator is consistent even if the working covariance matrix is not
the true covariance matrix of Cov( Y} X,).23 However, this robust covariance estimator in the
GEE approach works well only for the large number of clusters. The GEE performance for
small clusters has been investigated and simulations have shown that the empirical sandwich
estimator tend to be liberal.19:27-30 Pajk29 and Feng et al3? showed that the empirical
sandwich estimator tends to underestimate the variance of regression coefficients to a
varying degree when the number of clusters is less than 50. Therefore, bias-corrected
sandwich estimators have been proposed to improve the performance in the GEE approach.
19,20,22,31,32 | j and Redden reviewed these estimators for binary outcomes in two-level
CRTs with a small number of clusters.33 Their simulations suggest that no bias-corrected
sandwich estimator is universally better than the others when the Wald #test is used in the
CRTs with few clusters and considerable variation of cluster sizes. Lu et al recommended
the Wald ztest with MD-corrected sandwich estimator in the GEE analyses for the small
number of clusters,34 however, the results showed that the MD-corrected sandwich estimator
should be used with caution because the Wald z-test maintains the type | error rate only
when the number of clusters is greater than 20.33 Overall, there is no consensus about using
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these bias-corrected estimators in two-level CRTs. All these bias-corrected sandwich
estimators apply the adjustment when estimating the variance matrix V. For example,
Morel et al approximated variance matrix through using the maximum of 1 and a trace
function.31 Only MD-corrected!® and FG-corrected?? sandwich estimator can be derived
mathematically, specifically, though the matrix computation. Therefore, we consider these
two corrected sandwich estimators for all three types of outcomes in three-level CRTs in the
following subsections.

3.1| MD-corrected sandwich estimator

Mancl and DeRouen?® proposed reducing the bias of the sandwich estimator and the
variance of § is approximated Vyp = =7 'EmpZ1 . When we apply this estimator to the
three-level data, Zyp is given by.

m
o1 -1 —1-1
EMD = Y DiVi (IKjn; x Kim; — i) cov(¥; | Xi)(IK;n; x Kjm; — Hi) Vi Di,
i=1

where the matrix H; = D=7 'D;v; ! is an expression for the leverage of the #h cluster. For
the purpose of sample size calculation at the design stage, we assume cov(Y;| X)) = V;as
usual. Thus, the above expression Zyp becomes

X7 1 DV (T x Kimg — H,-)_IV,-(I Ky x King = H,-)_IV,-‘ID,-. We substitute the values of
D/, V,, and X for each type of outcome in Section 2. For example, for continuous outcomes,

D; = X}, X is denoted by Equation (1), and V,;= o?R{r; p). For the practices in the control

group, through some matrix computation, H; = a;1k,u; x K;n; Where a; = ﬁ
1

Kin;

c=Yie cont 3. and then

-1 a4
(IKi”iXKi”i _Hi) - IKi”iXKi”i+W1Ki”iXKi”i‘

Furthermore, after more matrix computation, we have

w1 -1 —1y-1 10
DiV; “(I; - Hy) "Vi(I; - H;) "V; D;= fi[o 0]’
K;n; .. . .
where r; = % Similarly, for the practices in the treatment group, we have

o%3(1 - Kinjay)

p— -1 —1y-1 11
DiV; “(I; - Hy) "Vi(I;-H;) "V; Di=si[1 1},
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where s; = = b = % andr=Y,; ¢ m#. Therefore, MD-corrected
1 o))

2 1
62 13(1 - Kiniby)

estimator =7 'Sypzy ! is simplified as

2.

i Si
—1|i €Econt i€ trt -1
1 .
2 s i
i etrt i €trt

Its (2, 2)th element, the variance of the estimator of the treatment effect, is expressed as

~ K;n; K;n;
Var(fp) = o2 % %j% —=
i € cont 13i(1 — Kjmja;)™ 17 i €t 43;(1 — Knib;)

for continuous outcomes.

Page 9

When the outcome is binary, D; = py(1 — po)(lKl.nl. x 1s 0K n; x 1) for the practices in the control

group, D; = py(1 - Pl)(lKi"i x 1: LKn; x 1) for the practices in the treatment group, X is given

by Equation (3), and V,;= p{1 — p)RAr, p). Through the similar steps, we have

1 — po)Kin; p1(1 = pp)Kin; .
= po(1 = po)K; 12’ and S; = 1( DK; 12- Flnally,
A3i(1 = Kjnja;) A3i(1 = Kjnjb;)
~ K;n; K;n;
Var(ﬁz) _ 1 ini 1 "

+ ;
p0(1 = p0)e? i Soont A3i(1— K,~n,~a;)2 p1(1 = p)?; Elne A3i(1 - Ki"ib[)2

For count data, D; = Xjexp(X}B), £, is denoted by Equation (5), and v; = A}/?Ry(r, p) A}/

PlK p: P+ Bk

- e"1Kin e Kin

Through the similar steps, we have r; = s, i = —, and
43i(1 = Kinja;) 43i(1 — K;njb;)

~ 1 Kin; 1 Kin;
Var(ﬂ2) =— + .
P12 Sont 13i(1 - Kimay)®  P1EP22, Sy 43i(1 = Kinib)*

If we assume equal practice size n;= nand equal provider size K;= Kfor all / then a;= a=

[Knm(1-m)] L and b= b= [Knmr] ™,

~ 6213m (1= T
Var(fp) = +
72)= % [(m(l—n)—l)z (mzr—l)zl

for continuous outcomes;

A
Var(f2) = % +

po(1 = po)(m(1 = x) - 1y? p1(1 = py)(mm — 12

(1—-n) p3 ]
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for binary outcomes; and

A~y Azm 1-n) + 7

Var(fp) =
(72) KnePL | m(1 = 1) = 1% P2mr - 1)?

for count data.

3.2| FG-corrected sandwich estimator

Fay and Graubard?? corrected the bias by adding a scale factor to the working variance in
the sandwich estimator. The variance of g is calculated in a FG-corrected estimator by

VEGg =X1 1ZFG21'1, where

m
w1 =1
FG = Z L;DjV; “cov(Y; | X;)V; "D;L;,
i=1

. . o =172
L,is a p x p diagonal matrix with jth element equal to [1 — min(d, Q{’)] ,
0; = D;Vi 'p;=7 " and d'is a constant defined by the user which guarantees that each

diagonal element of L, is less than or equal to 2. Fay and Graubard??2 arbitrarily chose d'=
0.75 and their simulations showed that the bound of ¢=0.75 is rarely reached.

Again we assume cov(Y j X ) = V;at the design stage, Tpg = Y7 | L; D/V; ' D;L;. Similarly,
we substitute the expressions of D, V;, and £, for each type of outcome in Section 2. If the

#h cluster is in the control group, then after some matrix computation,

_Ki"i 1 -1
Q’_c/13,~ 00/

Mo

and the diagonal matrix L; = . Similarly, we have Q; = K ’[O 1] and L; =

-
0 1 O ll

o Ko 1=1/2
fth cluster is in the treatment group; where 7} = [1 - min(d, %)] , and
1

1/2
22 K,nl K; 11 2 K; inj 22
li [1 - mln(d 173 )] -Letwyr = Y e cont 13 (l ) w2 = Yieut 13 =1

Kin;

wp=Yicu—— p ( ) For continuous outcomes, again, from mathematical computation,

wip+t w
we simplify the Zgg as B 12 . The (2, 2)th element of ZIIEFGEII is
o2 wi wx
Varf) = - 2 s (L 1) :
=2 ol Tt te) v Q)

Stat Med. Author manuscript; available in PMC 2021 August 09.



1duosnue Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Liu and Colditz

Page 11

Kin; Kin; _ _ _
whereo=c= 3 e comz ¢ =1= iem 5 1= o?(my + B, vip = o? Wi, and vy =

02W22.

When we assume equal practice size ;= nand equal provider size K;= Kfor all /, then

1
_ Knm(1-n) _ Knmz 11 _ ;11 _ . 1 2
oeq = ceq = /1—3, eeq = th = }‘3 y li =] = [1 - mm(d, m)] 2, and

1
—-5 - 2
172 =17 = |1 - minfd, )| 2. Let wif = SE=D0MY, i = S22, and

2 . .
wyd = K;"—;”(IZZ) . The formula of the estimator of the treatment effect under equal size

setting is given by

€q 2
PN 1%
Ozq  %eq\%q  Ceq Ocq  €eq

where U?(ll = az(w?? + teq), u?czl = 62W?g, and vgg = 62wgg.

For binary and count outcomes, we make the similar derivation and have the same Equations
(7) and (8) for the variance of the estimator of the treatment effect. However, the notations
are different and detailed in Table 1.

4| RE OF UNEQUAL VS EQUAL PRACTICE AND PROVIDER SIZES

In two-level CRTs, RE is defined as relative variance of the treatment effect when comparing
equal to unequal cluster sizes.}41535 Here, let Q.qa denotes a design with equal practice
size nj= nand equal provider size K;= K, and let ,nequal denotes a design with unequal
practice size n;and/or unequal provider size Kj, /=1, - - -, m. The RE of unequal vs equal
practice and provider sizes for the treatment effect, RE(/?Z), is defined as

Var(ﬁZ | Qequal)

RE(f)) = —= : ©
( ) Var(ﬁ 2| Qunequal)
For any type of outcome in Section 2, where the variances are asymptotically estimated,
~yv [+ (K-Dr+Kn—-1pl1 v Kin
RE(f2) = Kn m ,-; I+ (K -Dr+Km-1p

When K;= K= 1,it reduces to a two-level CRT and the formula is the reciprocal of the
design effect.36:37

For both corrected estimators, REs have no consistent formula for the different types of
outcomes. Obviously, it is straightforward to numerically calculate RE(/?Q) from Section 3.1

for an MD-corrected estimator, and Section 3.2 for an FG-corrected estimator. Please note
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that o2 for continuous outcomes and ¢! for count data are canceled from the RE calculation.
The RE evaluations are investigated for various number of practices m, practice size, and
provider size distributions as a function of correlation coefficients (r, p). The following
sections focus on continuous outcomes. The results for binary and count data are similar and
are shown in Appendix Tables 4 and 5.

4.1| Simulation designs

In our work with two-level CRTs,1° we considered six patterns of probabilities of cluster
size, and we now consider the same scenarios for distributions of practice (provider) size in
three-level CRTs. Figure 1 demonstrates the probabilities p;, /=1, - - -, 20 of practice size for

six patterns, where practice size follows a multinomial distribution, N = mn = ¥7'_ { n; and

>"_ 1 pi = 1. For convenience of the following discussion, we sort the th practice with the

distribution probability ps, /=1, - - -, m, by a non-decreasing order suchthat oy < pp < - - <
Pm- Six patterns of (py, - - -, py) are discussed under the design ynequal-

Similarly, we consider these six patterns of provider sizes, which are assumed to follow a
multinomial distribution with mK = ¥ | K;. RE(§,) is computed through simulation

studies with these six patterns which function as the basic setting about the distribution of
practice (provider) size.

Appendix Table 1 shows the values of (py, - - -,p) for the simulation design with m =6,
while /=100 was used in Liu et al.15> Appendix 2 provides the details of p;s calculations

for each pattern. Provided the values of (py, - - -,0) are available, we simulate the practice
sizes n;and provider size Kj, /=1, - - -, mfrom a multinomial distribution with mnand mK,
and probabilities (o, - - -,pm), separately. For all the scenarios, the required parameters for
(o1, - - .oy calculation are shown in Appendix Table 2.

To investigate the RE in three-level CRTs based on GEE models, we consider the following
factors: (1) the number of practices m, equal practice size 1, and equal provider size K; (2)
the values of py, - - -,pm, equivalently, the pattern of py, - - -, 07, (3) the association parameter
(r,p) in the “nested exchangeable” correlation structure. We consider three scenarios about
the number of practices: small, medium, and large; e.g. m =6, 20, 50, respectively. Given a
fixed number of practices, we investigate two scenarios for both practice size and provider
size; e.g. n=10, 20; K= 5, 20. For example, a CRT with m=6, n=10, and K= 5 has a total
sample size of //=300. All six patterns of practice size and provider size in Figure 1 are
used for each study design.

Even if the intracluster correlation coefficients may be small for most CRTs,38:39 the
association parameter (1,0) both ranged from 0 to 0.95 with steps of 0.01 considered for
illustration purposes. Given the practice size n;and provider size Kj, the PD of R{r,p) is
checked for each pair (1,0). If R{r,p) is not PD, the pair (r,0) is excluded from RE
calculation. 1000 simulation samples are generated for each design. REs are calculated for
all samples, and mean, SD, minimum and maximum of REs are obtained at each pair (7,0)
correspondingly. To investigate the RE based on GEE models for a small number of
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practices, we consider /=6 and 20 only and assume an equal allocation (z = 0.5). Fay and
Graubard?2 arbitrarily chose ¢= 0.75, but we set different values of ¢-0.1 and 0.75 to see

whether they make any differences in RE (eg, m = 6, 0.1 < — L <075 when the practice

(1-mn
sizes are equal and an equal allocation of 7= = 1/2.)

Simulation results

Please note that Y7"_ | K;n; = Knm cannot be guaranteed. For each combined pattern, we

only show the simulation results when the mean total sample size among 1000 samples lies
within the range of (0.975 x Knm, 1.025 x Knm). For example, m =150, n= 20, and K= 20,
(19 500, 20 500) was used as a selection criteria. Table 2 presents mean (min, max) of
coefficient of variation (CV)s of practice size n;, provider size Kjand cluster size (Kjn;), the
minimum of mean RE and corresponding (#, p)s, and median of mean RE among 1000
samples for number of practices /= 50.

1 For the scenario of m =50, n= 20, and K= 20, all minimums of mean REs are
larger than 93%. When the pattern of practice size is 1, the maximum and
minimum of minimums are 0.981 and 0.941, respectively and they are reached
when the patterns of provider size are 1 and 2. Across six patterns of practice
size, the minimum is 0.936 when the pattern of practice size is 2 and the pattern
of provider size is 1; For three remaining scenarios in terms of nand K the
minimums of minimums are 0.898, 0.922, and 0.892, respectively and all of
them are reached when the pattern of either practice size or provider size is 2.

2. The minimum of mean RE decreases if the CV of practice size increases under
the fixed CV of provider size or if the CV of provider size increases under the
fixed CV of practice size. However, when the CV of cluster size is the largest,
the corresponding minimum is not the smallest. For example, the largest mean
CV of cluster size in the scenario of m=50, n= 20, and K= 20 is 0.61 but its
minimum of mean RE is 0.947 and it is not the minimum of minimums. We also
find that the minimum of mean RE decreases by 3-4% when the provider sizes
decreases from 20 to 5 for a fixed m, nand any same pattern of practice size and
provide size; In addition, the minimum of mean RE decreases by 1-3% when the
practice sizes decreases from 20 to 10 for a fixed m, K'and any same pattern of
practice size and provide size.

Table 3 reports the results from bias-corrected estimators when the number of practice is
small, for example,. m= 6 and 20. Within a pattern of practice size, the smallest minimum is
obtained at the pattern 5 of either practice size or provider size for any scenario.

1 The number of practice is 20: For the scenario of m =20, n= 20, and K= 20, the
minimums of minimums of mean REs for MD-corrected, FG-corrected
estimators with d= 0.1, and FG-corrected estimators with ¢=0.75 are 0.853,
0.904, and 0.865, respectively.; For the scenario of m= 20, n=20, and K= 5, the
minimums for these three corrected estimators are 0.818, 0.870, and 0.830,
respectively; For the scenario of m= 20, n=10, and K= 20, the minimums of
these three corrected estimators are 0.837, 0.890, and 0.854, respectively; For the
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scenario of m =20, n=10, and K =5, the minimums of these three corrected
estimators are 0.818, 0.874, and 0.834, respectively.

2. The number of practice is 6: For the scenario of m=6, n= 20, and K= 20, the
minimums of minimums of mean REs for MD-corrected, FG-corrected
estimators with = 0.1, and FG-corrected estimators with &= 0.75 are 0.308,
0.797, and 0.510, respectively. They are reached when the pattern of provider
size is either 5 or 6; For the scenario of m=6, n=20, and K= 5, the minimums
for these three corrected estimators are 0.276, 0.782, and 0.476, respectively; For
the scenario of m=6, n=10, and K= 20, the minimums of these three corrected
estimators are 0.289, 0.789, and 0.495, respectively; For the scenario of m=6, n
=10, and K= 5, the minimums of these three corrected estimators are 0.339,
0.802, and 0.500, respectively.

3. The minimums of mean RE for MD-corrected and FG-corrected estimators are
stable when the number of practice is 20. However, they dropped unreasonably
for a smaller number of practice, m = 6. Therefore, we suggest using FG-
corrected estimators with ¢= 0.1 in the sample size calculations.

Appendix Table 3 presents the results for a smaller practice size 7=5 while Appendix
Tables 4 and 5 show the results for a binary outcome (g = 0.2 and p; = 0.3) and a count
outcome (B = 1.5), respectively. Even if we set the different values of gy and py in the
binary outcome and of B, in the count outcome, the findings remain consistent across the
simulation settings. Suppose we use an asymptotic estimator to calculate RE for /m =20 or 6,
shown in Appendix Table 6, all minimums of mean REs are larger than 86% for /m =20 and
82% for m = 6.When comparing REs between asymptotic and bias-corrected estimations,
we find that RE from an asymptotic estimator underestimates the efficiency loss for smallest
number of practices. In summary, the worst scenario gives 11% efficiency loss (RE = 89%)
for the large number of practices, m =50, 13% (RE = 87%) for the smaller number of
practices, m= 20, and 23% (RE = 77%) for the smallest number of practices, m =6,
respectively.

5| PROPOSED ALGORITHM

Sections 2 and 3 provide the required number of practices when assuming equal practice size
for continuous, binary, and count outcomes, respectively. Teerenstra et all8 also proposed the
required number of practices with the assumptions of equal practice sizes and Kj;= K for
continuous and binary outcomes from a #distribution with /77— 2 of freedom. For practical
purposes they suggest substituting z,for the ¢, and multiply the result by the factor (m +
1)/(m - 1). When unequal practice sizes occur—the most common situation—we should
increase the number of practices in order to compensate for efficiency loss due to unequal
practice sizes.

For simplicity and to be conservative, we approximate RE in the way shown in the proposed
diagram. If m > 40, then 13% (=1/0.89-1) more practices is needed since REs from
asymptotic estimation are at least 0.89. If 77 <10, then we must sample 30% more practices
using an FG-corrected estimator with d= 0.1; If 10 < m <40, then sampling 15% more
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practices are needed from an FG-corrected estimators with @= 0.1 to cover the efficiency
loss;

Table 4 illustrates the adjustment in number of practices for a continuous outcome with 3, =
0.2 and o= 1. The numbers min the fifth column are calculated from Section 2 at the type |
error of 5% and 80% power, while the remaining columns are adjusted by the algorithm
mentioned above. It also shows that increasing provider size has a little effect on the sample
size calculation of the number of practices.

6| AN EXAMPLE

In our work with three-level CRTs,*0 we take the Helping Hands trial (Netherlands
Organization for Health Research and Development ZonMw, grant number 80-007028-98—
07101) as an example to present the optimal designs with a given budget. Here, we still use
it to show the revised sample size through the algorithm proposed in this article. The trial
aimed to change nurse behavior through two strategies, where the state-of-the-art strategy is
derived from the literature including education, reminders, feedback, and targeting adequate
products and facilities, and the extended strategy contains all elements of the state-of-the-art
strategy plus activities aimed at influencing social influence in groups and enhancing
leadership. This study randomized the wards to either one strategy and the primary endpoint
is adherence to hygiene guidelines, where the multiple evaluations of nurses’ guideline
adherence were observed. From 60% in the state-of-the-art strategy to 70% in the extended
strategy for the primary endpoint was expected.

The evaluations of adherence to hygiene guidelines are nested within nurses and nurses are
nested within wards. All nurses in a ward receiving the same strategy can be considered
exchangeable. Teerenstra et al'8 supposed that these evaluations are exchangeable within a
nurse since the evaluations “measure” hygiene behavior of a nurse. They supposed the
constant behavior of nurse (r= 0.6) and intra-ward coefficient correlation o = 0.03. Using n
=15 and K = 3, they calculated the total number of wards /7= 58. From our proposed
algorithm, we suggest enrolling 66 = (58/0.89) wards when unequal number of nurses across
wards.

7| DISCUSSION

The sample size formulas for three-level CRTs have been derived in recent years reflecting
the increasing interest in evaluation of interventions in real world settings.1”-18 Teerenstra et
al'8 considered a GEE approach, introduced a nested exchangeable correlation structure and
derived a sample size formula assuming the equal cluster sizes and same number of
evaluations within a subject for both continuous and binary outcomes. However, the
assumption of equal cluster sizes is not realistic. Researchers defined the RE of unequal vs
equal cluster sizes as the ratio of variance of the estimator of the treatment effect for equal to
unequal cluster sizes in two-level CRTs.13-16 |n practice, the researchers have no clear
picture about the cluster size distribution, and thus the minimum of RE from the various
cluster size distribution in simulation studies are considered to increase the number of
clusters for efficiency loss due to unequal cluster sizes. In our previous work we proposed an
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adjusted sample size from relative efficacy derived from GEE models in two-level CRTs.15
In this article, we use the same definition of RE and then evaluate the performances of REs
in three-level CRTs to test the treatment effect in a two-group comparison. The three
outcomes of continuous, binary, or count data are discussed simultaneously based on GEE
models. The variances of the estimator of the treatment effect are derived for three different
types of outcome given the nested exchangeable correlation structure.

To our knowledge, there is no sample size formula for count data in three-level CRTs. We
assume equal practice sizes and provider sizes and thus derive the explicit sample size
formula, shown following Equation (4). Second, we find the formulas of REs from
asymptotic estimation are the same for continuous, binary, and count data using GEE
models. That is, RE is not dependent on the type of outcome. Furthermore, RE(/?Z) is

independent of cluster allocation r, the parameters S; and f,. These findings are the same as
in two-level CRTs.1° Third, we also consider two bias-corrected estimators for CRTs with
finite practices, for example,. m < 40. REs formulas are different for three types of outcomes
and there is no closed-form for REs. They depend on cluster allocations z and the efficacy
measure S,. Fourth, even if A3;depends on K besides n;given a pair of (1, p), K'has minimal
effect on REs for both asymptotic and bias-corrected estimators. Finally, we find that the
minimums of mean RE for MD-corrected and FG-corrected estimators are stable when the
number of practice is 20. However, they dropped unreasonably for a smaller number of
practice, m= 6. Therefore, we suggest using FG-corrected estimators with ¢= 0.1 in the
sample size calculations.

There are several limitations to this approach. The first limitation is that the covariates are
not considered in the sample size calculation. The sample size formulas including covariates
in the GEE model are definitely more complicated than those in sections 2. Liu and Liang*!
also showed that the performance of the sample size formula is sensitive to the distribution
of the covariates. The next limitation is that our proposed RE is investigated based on the
nested exchangeable correlation structure only. It is suitable when the lowest level units are
exchangeable within the middle level units and the middle level units are exchangeable
within the highest level units.18 Teerenstra et al'8 provided more examples where this
structure is reasonable. This assumption may not hold in some scenarios. However, the
sample size formulas from GEE models used an exchangeable working correlation structure
in two-level CRTs2%:36 and thus the nested exchangeable correlation structure is acceptable
for three-level CRTs as well. In addition, Breukelen et al proposed a uniform, positively
skewed, negatively skewed, bimodal and unimodal distribution of cluster size in a two-level
CRT.14 They showed that a bimodal distribution has the lowest minimum RE. We assume
that practice (provider) sizes follow multinomial distributions and consider only six patterns
of the distribution after the sorting of the distribution probabilities. However, more
complicated patterns with combinations of these six may occur in practice. Therefore, our
RE(/?z) may be underestimated for some complicated patterns. This is the third limitation.

The fourth limitation is that we assume that practice sizes and provider sizes are
independent, and they follow multinomial distributions with mn = ¥/"_ | n; and probabilities

(O1m -+ Pmn), and mK = Y7 | K; and probabilities (o1, - - -,0mk), respectively. Under this
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assumption, Y7 | K;n; = Knm cannot be guaranteed. However, we only consider the

scenarios in which the mean total sample size among 1000 samples lies within the range of
(0.975 x Knm, 1.025 x Knm) such that it is very close to Knm. The last limitation is that
two-group comparison is considered. In practice, researchers may consider more than two
groups for comparisons. These could be future research directions.

In conclusion, this article discusses efficiency loss based on GEE models in three-level
CRTs and proposes the adjustment of number of practices when unequal practice sizes and
provider size occur for both large and small number of cluster studies. We believe that this
investigation is very useful and practical, especially for designing three-level CRTs with any
outcome types.
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Probablity
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i-th Practice

FIGURE 1.
Six basic patterns of probabilities (o1, - - -, Om)

Constant: pj1 == pm

1. Monotonically increasing: p1 <t <- - -<pm

2. Constant followed by monotonically increasing: p1 = - = oy <pp1 < < Pmi
3. Monotonically increasing followed by constant: py <- - < py= o1 =" =Pm;
4. Constant, monotonically increasing followed by constant:
PL=p2=p<pp+1<- <pp=-=DPm

5. Monotonically increasing, constant followed by monotonically increasing:
pL<p <Pl=pll+l=“‘=1712<"' < =pm

Stat Med. Author manuscript; available in PMC 2021 August 09.

9 20



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Liu and Colditz

Notations
Continuous

0 c
e t
Vi X+
Vig  olwy
Vaa  alwy
Oeq  Ceq
Ceqg e
ol (] + req)
iy o
Pl

Binary
(L = po)e

Pl - p)t

Po(L = po)way + pr(1 = pr)¢

/(1 - p)wp
(L = p)way
Po(l = po)Ceq

(- p)ty

po(l - pO)w?cll +p1(1- Pl)teq

i
pi(1 = pwis

[&]
pi(1 = pr)wsa

TABLE 1

Count

|

e ¢

L1t b2,

Sl A1

wipt+e

St ﬂzwlz

St ﬂ2w22

Pl ceq
St ﬂz,eq
eﬂl w<13(11 + eﬂl

A+ h eq
e wlz

B+ eq
e LU22

+ 8y

+ ﬂzteq

kin;
w=Yie trtEl

1
22 . 1\]™3 eq_ Kmn(1-—m)(,11\2 eq _ Kmnz 22
[ =[1—m1n(a',W)] ’wll_—(l )’w12_ po 175 wyy =

Kin;

i 22

i

Kin;

11
c=2i € cont 751 = Zieut pryRk

1
kini\]~3
= [l - min(d, 1_"1)] 2, l,-22 =
cA3j

king ( 99\2
wn=2Yie trtT&.(li ) 1 Ceq =

3

k
[1 — min(d, i

ni\|~ 3
@)] vwllzz:iecontm

Knm(1l — r) _ Knmz 111
AS ’ eq -_ 1,3 ’
eq _ Kmnzx

3

(

= [1 - min(d,

122)2.

Stat Med. Author manuscript; available in PMC 2021 August 09.

wr=m)

kin;

2

’

(1

Page 21

11

i

X



Page 22

Liu and Colditz

L16'0 8680 '(10°0 '20°0)
166'0 216°0 (T0°0 '€0°0)
266'0  €£6°0 (100 ‘70°0)
266'0  9€6°0 '(T0°0 'v0°0)
266'0  526'0 (100 'v0°0)
066'0 9060 (T0°0 ‘50°0)
€66'0 0v6°0 '(T0°0 'v0°0)
166'0 Lv6°0 (100 '¥T°0)
166'0  6v6°0 (T0°0 ‘9T°0)
G66'0 T1/6°0 '(T0°0 '90°0)
G66'0  ¥.6°0'(10°0‘0T°0)
§66'0 £56'0 ‘(100 ‘0)
966'0 1.6°0 '(T0°0 'v0°0)
966'0 €6'0 ‘(100 '50°0)
G66'0  596°0 (T0°0 ‘T0°0)
966'0 2/6°0 '(T0°0 '60°0)
€66'0 T96°0 (T0°0 '60°0)
766'0 960 (T0°0 ‘2T°0)
G86'0  9€6°0 '(T0°0 'TT°0)
966'0 7560 ‘(0 '¥0°0)
166'0 260 '(T0°0 ‘S0°0)
166'0  8.6°0 '(T0°0 '90°0)
1660 060 (0 '50°0)
966'0 T76°0 ‘(0 '90°0)
166'0  186°0 '(T0°0 '80°0)
VRPN wnwiUIN ‘@)
o3 U

(z6'0'15°0) 290
(960 '9v°0) 590
(29°0'2€0) €50
(99'0'8€°0) 15°0
(92°0'2€0) 950
(620 '67°0) €90
(89'0 '9€°0) 050
(620 '2v°0) 190
(720 '8€°0) 550
(¥5'0 '2€°0) 2’0
(670 '92°0) €0
(€8°0 '17°0) 09°0
(s5'0'1€°0) 2V'0
(€50 '82°0) 0¥'0
(#9°0 '8€°0) 8%°0
(8v'0'52°0) S€°0
(19'0'G€°0) 8%°0
(550 '1€°0) €70
(99'0 '6€°0) £5°0
(72'0'2€0) S50
(150 '72°0) 9€°0
(Lv'0'v2'0) S€°0
(£5°0'0£°0) 2¥'0
(290 '17°0) €50
(sv'0'zz’0) 2€0

(xew
‘ulW) Ueaw azss BN Jo AD

Author Manuscript

(95'0'1€°0) ¥¥'0
(980 ‘¥°0) 090
(090 ‘€€°0) L+0
(09'0 'z€°0) S¥'0
(290 'vE0) TG0
(020 '97°0) 850
(95'0'1€°0) ¥¥'0
(¥€'0'87°0) 920
(0£'0's5T°0) 220
(¥e'0'L1°0) 92°0
(62°0'5T°0) 220
(€90 '8€°0) 610
(9e'0'12°0) 82°0
(€€'0'61°0) 920
(S0 ‘22°0) 5€0
(oe'0'91°0) 22°0
(€€'0'61°0) 920
(0£'0's5T°0) 220
(oe'0'91°0) 22°0
(¢9°0'9g°0) 610
(9€'0 '12°0) 820
(¥€'0'81°0) 92°0
(70 '92°0) 50
(950 '8€°0) 10
(62'0's1°0) 22°0

(xew
‘ulw) uesw azss Jepinoid Jo AD

¢ 3149vL

Author Manuscript

(950 '6£0) L¥'0
(0€°0'sT°0) 22°0

(0£'0'sT°0) 220

(82°0°LT°0) 22°0
(0£'0'sT°0) 220

(090 ‘2€°0) 6¥°0

(5€°0‘02°0) 82°0

(€€'0'8T°0) 920

(ev'0°22°0) S€°0

T
9
g
v
€
Z
T
v
T
v
T
9
g
v
€
T
v
T
1 (95'0 '6€°0) Lv'0
9

g

v

€

Z

T

(0€'0'sT°0) 22°0
(Xew ‘uiw) uesw
azseoloe.d Jo AD

(M) uslired

Jorewnsa onojdwAse Woiy 3y ueawl JO URIPSIAl PUe WNWIUIA|

Author Manuscript

4
T S 0¢ 0S
9
]
14
€
4
T 0¢ 0¢ 0S
(u) (Mezs  (u)azs (w)
ullled lplold  eo1peld  seolpeud
10
BqunN

Author Manuscript

Stat Med. Author manuscript; available in PMC 2021 August 09.



Page 23

Liu and Colditz

6160
9860
186°0
9860
1860
8860
1860
8860
€860
€860
¢L6'0
8860
6860
0660
6860
1860
0660
G86°0
G860
0660
166°0
6860
0660
166°0
0660
1660
186°0
8860
ueipp N

€€6'0 (100 ‘'50°0)
€56°0 ‘(100 ‘20°0)
856'0 (100 ‘€0°0)

2€6°0 (100 '0)
€56'0 ‘(10°0 ‘10°0)
956'0 (100 ‘20°0)
7760 ‘(10°0 ‘T0°0)
096'0 ‘(T0°0 ‘€0°0)
760 ‘(10°0 ‘€0°0)
8v6'0 (100 ‘¥0°0)
G26'0 ‘(100 ‘¥0°0)
86'0 (100 ‘'10°0)
856'0 (100 ‘20°0)
196'0 ‘(T0°0 ‘€0°0)
056°0 (100 ‘20°0)
2260 (100 ‘'T0°0)
G96'0 ‘(1T0°0 ‘€0°0)
906°0 (T0°0 ‘¥0°0)
806'0 (100 ‘50°0)
1€6°0 ‘(T0°0 ‘20°0)
€€6'0 (100 '¥0°0)
806'0 (T0°0 ‘T0°0)
1€6°0 ‘(100 ‘20°0)
¥€6°0 ‘(10°0 ‘€0°0)
€26'0 (100 '20°0)
9€6'0 ‘(T0°0 ‘¥0°0)
126°0 (10°0 ‘€0°0)
7260 ‘(10°0 ‘¥0°0)

qunuIuIN ‘@)

230 U

Author Manuscript

(¥8'0 '6€°0) 650
(€9'0'5€°0) 8Y°0
(850 '82°0) €70
(16'0 '57°0) 590
(19'0'9¢°0) 8¥'0
(19'0'G€°0) 9%°0
(c2'0'6€0) ¥50
(¥5'0 '0€°0) Tv'0
(T2'0'0v°0) €50
(990 'v€'0) 870
(0£'0'€v'0) 950
(¥8'0 '9€°0) 09°0
(650 '1€°0) €70
(s5'0'1€°0) TV'0
(€9'0'9£°0) 8¥°0
(€2'0's7°0) 650
(z5'0'62°0) 6€°0
(9€'7'05°0) €20
(Te'T'07°0) 89°0
(22'0'6€°0) 250
(£2°0'9€°0) €50
(To'T'27°0) 020
(¥L'0 '2v'0) 250
(€2'0'6€0) 550
(820 ‘2v'0) 190
(€L'0'8€°0) 250
(¢6'0 'ev'0) 290
(980 ‘2v°0) 850

(xew

‘UlW) UBBWI BZIS BN JO AD

(62°0'5T°0) 220
(ee'0'81°0) 92°0
(0£'0'sT°0) 220
(790 '9€°0) 6+°0
(Le'0'12°0) 82°0
(€€'0'6T°0) 920
(S0 '22°0) 5€0
(oe'0'91°0) 22°0
(€€'0'6T°0) 920
(82°0'sT°0) 220
(8z'0'91°0) 22°0
(#9'0 'GE°0) 6v°0
(9€'0 '12°0) 820
(ze'o'LT°0) 92°0
(50 '92°0) 5€°0
(950 '6€°0) L+'0
(oe'0'sT°0) 22°0
(650 ‘'1€°0) 5¥°0
(250 '62°0) 710
(65'0 '0€°0) S¥'0
(250 '62°0) ¥¥'0
(08°0 ‘T7°0) 090
(65'0 '2€°0) L0
(650 '1€°0) 5¥°0
(59°0'2€0) 150
(95'0 '0€°0) ¥¥'0
(850 '1€°0) 9¥°0
(950 '62°0) 710

(xew

‘ulw) uesw azss Jepinoid Jo AD

Author Manuscript

L IS S N I A "o B (- R B S T . B o B o o B N To B o I . D S B o > B S T o (e B R

(1) useired

(0£°0'9€°0) ¥5°0

(27°0'52°0) 9€°0

(70 '€20) ¥€0

(€50 ‘1€°0) 20
(19°0 '07°0) 150

(70 '12°0) €0

(09°0 ‘8€°0) 6¥°0

(5€°0'12°0) 82°0

(z€'0'81°0) 92°0
(z€'0'8T°0) 920

(ev'0°22°0) S€°0
(Xew ‘ulw) ueaw

azisso1oe.d Jo AD

Author Manuscript

9
]
14
€
Z
T 0¢ 0T 0S
9
]
14
€
(u) Onezs  (u)ezs (w)
uRlled lpinold  =o1oeld  ssolpeud
10
RquinN

Author Manuscript

Stat Med. Author manuscript; available in PMC 2021 August 09.



Page 24

Liu and Colditz

"(d ) Jo sanjen |[e sso1oe paiiuapl ase s(@ ) Buipuodsariod ayr Buipnjoul 33 UeaW JO URIPSW PUe ‘WNWIXew ‘Wnwiuiw ay |

q

*(d ) yoea 1oy pare|nde S suone|NWIS 0OQT Buowe 3y uesl auL,

1960
8960
1160
8160
G160
1160
8160
9160
6160
¢L6'0
€160
196°0
1160
0860
1860
6160
9160
2860
8160
ueipp N

968'0 ‘(200 ‘50°0)
868'0 ‘(200 ‘90°0)
616°0 ‘(€00 '20°0)
226'0 (200 '¥0°0)
1680 (200 ‘20°0)
026°0 (€00 ‘'10°0)
226°0 (€00 ‘'T0°0)
1160 (€00 ‘'T0°0)
¥26°0 '(20°0 ‘¥0°0)
016°0 ‘(€00 ‘€0°0)
2160 (200 ‘'¥0°0)
268°0 (200 ‘'€0°0)
668'0 ‘(200 ‘¥0°0)
€26'0 (200 ‘50°0)
G26'0 (200 '50°0)
7160 ‘(20°0 ‘50°0)
1680 (200 ‘50°0)
826°0 (200 '50°0)
626'0 (100 ‘¥0°0)

wnwiut ‘@)

(T'T'97°0) 220
(80'T '9v'0) 2L'0
(880 '2v°0) 290
(¢80 ‘'0v'0) 850
(€2'1'15°0)SL°0
(060 ‘2v°0) 290
(620 ‘'2v°0) 09°0
(€6'0 210 99'0
(€8'0 'T7°0) LG50
(¢6'0'05°0) 990
(98'0 '5t°0) €9'0
(66'0 '25°0) 020
(c0'T '67°0) 020
(62'0'8€°0) 250
(82°0'6€°0) LG50
(16°0 ‘'07°0) 190
(96'0 '5t°0) 29°0
(72'0 '6€°0) S50
(680 ‘77°0) ¥9°0

(xew

4 ‘UlW) UBBWI BZIS BN JO AD

230 U

Author Manuscript

(090 ‘z€°0) 50
(95'0 'z€°0) ¥¥'0
(090 ‘2€°0) 5¥°0
(250 '€€0) ¥10
(18'0 '2¥°0) 09°0
(650 ‘2€°0) 9¥°0
(650 '1€°0) 5+°0
(89'0'5€°0) TS0
(250 '1€°0) V10
(090 ‘1€°0) 50
(95'0'1€°0) ¥¥'0
(€50 'vE0) €10
(¢80 'ev'0) 190
(09'0 '0€°0) 9¥'0
(090 ‘1€°0) 5¥°0
(690 'v€°0) TS0
(eL'0'ev'0) 850
(950 ‘2€°0) ¥¥'0
(7€'0 '8T°0) 920

(xew
‘ulw) uesw azss Jepinoid Jo AD

Author Manuscript

< 4 N MO < 0O © A A A M 0 O A <

(1) useired

(02'0'9€°0) ¥5°0
(0£'09€°0) ¥5'0
(9%'0'£2°0) 9€°0
(L7'0'92°0) 9€°0

(S0 '€2°0) ¥€'0
(€50 '1€°0) V0
(€50 'T€°0) V0
(090 ‘0r'0) 150
(00 '€z’0) T€0

(S0 '22’0) T€0
(00 '€z’0) T€0
(0’0 '¥2'0) T€'0
(0v'0 ‘220) 1€0

(xew ‘uiw) uesw
azisso1oe.d Jo AD

Author Manuscript

(u)

uRNed

0T 0S
(u)ozs (w)
a01oeld  ssoipeud
10

RquinN

Author Manuscript

Stat Med. Author manuscript; available in PMC 2021 August 09.



Page 25

Liu and Colditz

6860
6860
€660
€660
G860
996°0
¥.6'0
G860
966°0
9660
9660
7660
¥66°0
9660
166°0

1660
SUBIPo N

€880 (10°0 ‘'10°0)
1.80(0 ‘21°0)
€260 (10°0 ‘'10°0)
£26'0 (100 ‘0)
6€6°0 (T0°0 ‘ST°0)
6,80 (100 '8T°0)
1160 (T0°0 '9T°0)
016°0 (T0°0 ‘92°0)
0260 (0 'v0°0)
0260 (0 ‘€0°0)
2€6'0 (0 '¥0'0)
598°0 (0 '50°0)
706°0 (0 '90°0)
206°0 (0 '€0°0)
896°0 (0 '20°0)

€26°0 (0 '€0°0)
wnwiuin mﬁ ‘1)

1660
1660
¥66'0
§66'0
8860
€160
6160
8860
166°0
1660
1660
§66°0
§66'0
1660
866'0

866'0
SUBIPo N

2160 (10°0 '60°0)
706°0 (T0°0 ‘¥0°0)
G¥6°0 (T0°0 '¥0°0)
8v6'0 (T0°0 '90°0)
§56°0 (100 ‘0T°0)
¥06°0 (T0°0 '0T°0)
1€6°0 (100 '0T°0)
9¢€6°0 (100 ‘€T°0)
186°0 (T0°0 '€0°0)
€860 (100 '90°0)

656°0 (100 ‘0)

906°0 (0 °20°0)

€60 (10°0 ‘0)

0v6°0 (0 '50°0)
¥86°0 (100 '50°0)

986°0 (T0°0 '90°0)
wnwiui mﬁ ‘1)

686'0
686'0
€660
€66'0
G86'0
9960
v.6'0
G86'0
9660
966'0
966'0
7660
¥66'0
966'0
1660

1660
SUBIP I

1,80 (0'TT°0)
658'0 (0 '80°0)
G16°0 (0 '80°0)
026°0 (0 '60°0)
6€6'0 (100 ‘22°0)
G98°0 (10°0 '02°0)
¥06°0 (T0°0 '9T°0)
968'0 (0 '20°0)
296°0 (0 '€0°0)
7960 (0 '€0°0)
7260 (0 '€0°0)
€58°0 (0 '50°0)
1680 (0 '50°0)
688°0 (0 '20°0)
€96°0 (0 '20°0)

8960 (0 ‘20°0)
wnwiuln mne::

G/'0 = p yums.iorew\se
Po1091102-94 I UeB N

p

T'0 = P YIIMS I0JRWISd
POI9.109-94 T U

Author Manuscript

p

Slojewliss
991391100

-an Um_w_ ues |\

€3149vl

Author Manuscript

(180
‘T7°0) 29°0
(zoT
'6£°0) 89°0
(160
'G2°0) 150
(#80
'€2°0) 67°0
(990
‘82°0) 970
(z80
‘v7°0) €9°0
(690
‘8€°0) 250
(680
‘92°0) 09°0
(T90
‘02°0) 0¥'0
(ss0
‘8T°0) ¥€°0
(890
‘92°0) L¥'0
(620
‘87°0) €9°0
(690
'1€°0) €50
(280
‘v€'0) 19°0
(es0
‘LT0) €0
(o0
‘LT°0) 2€0

e

(020
‘T7°0) 95°0
(00T
'8£°0) ¥9°0
(020
'12°0) S0
(290
'S2°0) €70
(eg0
‘2T°0) 220
(se0
‘TT°0) 220
(eg0
'21°0) 220
(¥€0
‘2T°0) 220
(8g0
‘€T°0) G20
(se0
'€T°0) 220
(¥s0
'62°0) 070
(020
‘97°0) 85°0
(650
'1€°0) 70
(zL0
‘1€0) 95°0
(8g0
‘0T°0) 52°0
(se0
'21°0) 220

Q>U

)
Nd

Author Manuscript

(ze0
‘vT°0) €20
(ze0
‘11°0) 220
(eg0
‘IT°0) 220
(€0
‘IT°0) 220
(950
‘S2°0) 070
(020
‘G7°0) 850
(950
‘9€°0) 97°0
(eL0
‘Z7'0) 850

(80
‘2T°0) S2°0

(€0
‘1T°0) 220

Wte

T 02 02 02
(u M u w
Nd

SIOJRWINSA Pa1081102-Selq WOJ) I Uesll JO URIPSJA PUB WNWIUIA

Author Manuscript

Stat Med. Author manuscript; available in PMC 2021 August 09.



Page 26

Liu and Colditz

G96°0
1960
1860
8860
9860
€860
€860
1860
6860
6860
6160
8560
196°0
8160
1660
266°0
1660

1860
QUEIPIN

806°0 (100 ‘80°0)
6680 (10°0 ‘2T°0)
166°0 (T0°0 ‘70°0)
§G6°0 (100 ‘50°0)
0260 (0 '¥0°0)
758°0 (0 '50°0)
688°0 (0 '50°0)
1680 (0 '20°0)
£56°0 (T0°0 '50°0)
096°0 (100 90°0)
0680 (100 ‘0)
0€8°0 (100 ‘€0°0)
€98°0 (100 '20°0)
5980 (T0°0 '80°0)
816'0 (T0°0 ‘0)
€260 (10°0 ‘'10°0)
006°0 (T0°0 ‘0)

958°0 (0 ‘€T°0)
wnuwiu (@)

€160
€60
1660
166°0
0660
9860
186°0
0660
2660
€660
€860
G960
¢l6°0
2860
€660
¥66'0
€660

6860
QUEIPIN

0£6°0 (100 ‘'€0°0)
2260 (10°0 '50°0)
§96°0 (100 ‘20°0)
896°0 (100 ‘'€0°0)
0v6'0 (T0°0 ‘'10°0)
068°0 (T0°0 ‘'T0°0)
€160 (100 '20°0)

926'0 (10°0 ‘0)
696°0 (T0°0 ‘€0°0)
2.6'0(10°0 '€0°0)
8160 (T0°0 '¥0°0)

0280 (100 ‘0)
21680 (10°0 '20°0)
1680 (10°0 '€0°0)
2v6°0 (T0°0 ‘20°0)
G¥6°0 (100 '20°0)
G260 (T0°0 '¥0°0)

168°0 (T0°0 '90°0)
wnuwiu @)

796°0

996'0

1860

8860

986'0

€860

€860

1860

686'0

6860

6.6'0

856'0

996°0

8.6'0

166°0

2660

166'0

1860

SUEIPPIN

706°0 (T0°0 '80°0)
¥88°0 (0 '10°0)
6v6'0 (0 '€0°0)
056°0 (0 '20°0)
606°0 (0 '¥0°0)
£€8°0 (0 '€0°0)
9,80 (0'50°0)
¥28'0 (0 '20°0)
6v6'0 (0 '10°0)
7560 (0 '€0°0)
2880 (10°0 '0)
818°0 (T0°0 '€0°0)
¥58°0 (T0°0 '¢0°0)
¥¥8°0 (0 '90°0)
2160 (10°0 ‘0)
G160 (0°20°0)
688°0 (0 '80°0)

0r8'0 (0 ‘TT°0)
wnwiut (@)

G/'0 = P Yylmsiorewiss
P91091100-94 Y Uea |\

p

T°0 = P YHMS IOJeUINISD
p9199.1109-D4 _JY UeS |\

Author Manuscript

p

S.I07eWIIS3
p91391100

-an nm_w_ ues A

Author Manuscript

(89°0
‘1€0) S0
(z6°0
'9€'0) €9°0
(020
'S2°0) 970
(#9°0
‘12°0) T7°0
(920
'2€°0) 250
(160
‘97°0) 89°0
(68°0
‘07°0) 85°0
(560
'6€°0) ¥9°0
(€90
‘€2°0) TV'0
(#9°0
‘12°0) 6£°0
(90T
'6€°0) T9°0
(ozT
‘87°0) GL'0
(2670
‘€7°0) 99°0
(A}
‘€7°0) 220
(560
‘7€°0) G50
(68°0
‘92°0) TS0
(¥6°0
'2€°0) 850
(z6°0
‘67°0) 69°0

A

(ze0
‘TT°0) 220
(¥e0
‘11°0) 220
(80
‘€T°0) S2°0
(ve0
‘TT°0) 220
(¥50
'62°0) 070
(T20
‘9%°0) 85°0
(650
‘8€°0) L¥'0
(eL0
‘0%°0) §5°0
(80
‘€T°0) S2°0
(ve0
‘TT°0) 220
(290
'v2°0) €70
(290
'v2'0) £7°0
(99°0
'S2°0) €70
(990
'S2°0) €70
(890
'S2°0) S0
(99°0
'S2°0) €70
(¥8°0
'€€°0) 250
(580
'67°0) ¥9°0

Q>O

1)
Nd

Author Manuscript

(290
‘6€°0) 870
(6L0
‘07°0) 650

(150
‘6T°0) Y0

(670
‘8T°0) T€'0
(950
'52°0) 070
(020
‘S7°0) 850
(950
‘1€0) 970
(tro
‘27°0) S50

(8e0
‘€T°0) G20
(ze0
‘€T°0) 220
(ze0
‘ST°0) €20

)

T 0 0T O0¢

W M u w
Nd

Author Manuscript

Stat Med. Author manuscript; available in PMC 2021 August 09.



Page 27

Liu and Colditz

166°0
9660
1660
166°0
§96'0
760
¥56°0
9560
8160
6160
1160
0,60
¥.6'0
¥.6°0
1860
186°0
G.6'0

€560
QUEIPIN

989°0 (0 '0)

€€.'0(0'0)

zv8'0(0'0)

1160 (0 '0)
6,80 (100 '€0°0)
7€8°0 (T0°0 ‘'T0°0)
598°0 (100 ‘50°0)
L¥8'0 (100 '90°0)
¥06°0 (T0°0 ‘90°0)
£06°0 (100 '20°0)
€880 (100 '50°0)
Zv8°0 (100 '20°0)
698°0 (100 '¥0°0)
6580 (10°0 ‘20°0)
£06°0 (T0°0 ‘70°0)
T16°0 (100 '€0°0)
1260 (10°0 '80°0)

1180 (10°0 '0T°0)
wnuwiu (@)

266°0
9660
1660
8660
¢L6'0
¢56'0
2960
€960
€860
7860
2860
§/6'0
6160
6160
G860
G86°0
1860

€960
QUEIPIN

G/80(0°20°0)

L16'0 (0 '€0°0)

956°0 (0 '¥0°0)

6.6°0 (0 '¥0°0)
2160 (20°0 '20°0)
.80 (200 '€0°0)
868°0 (200 ‘'€0°0)
8880 (200 '50°0)
1€6°0 (200 ‘70°0)
¥€6°0 (20°0 '¥0°0)
¥16'0 (200 '50°0)
088°0 (200 ‘0T°0)
€06°0 (200 '80°0)
2680 (20°0 '¥0°0)
7€6°0 (200 '50°0)
£€6'0 (200 '€0°0)
9v6'0 (T0°0 '¥0°0)

806°0 (T0°0 ‘'€0°0)
wnuwiu @)

1660

966'0

1660

1660

§96'0

0v6'0

€560

§56'0

8160

6160

L16'0

696'0

v.60

v.6'0

086'0

1860

§/6'0

¢56'0

SUEIPPIN

€v50(0'0)
€€9'0 (0'0)
€.20(0'0)
0,80 (0'0)
898°0 (10°0 '€0°0)
818°0 (T0°0 '10°0)
168°0 (T0°0 '10°0)
2€8°0 (0 '90°0)
768°0 (T0°0 '10°0)
868°0 (100 '20°0)
2,80 (10°0 '20°0)
7280 (0 ‘2T°0)
L1580 (0'0T°0)
6€8°0 (0 '90°0)
868'0 (T0°0 'T0°0)
G06°0 (T0°0 '€0°0)
2260 (10°0 '2T°0)

8980 (T0°0 ‘0T°0)
wnwiut (@)

G/'0 = P Yylmsiorewiss
P91091100-94 Y Uea |\

p

T°0 = P YHMS IOJeUINISD
p9199.1109-D4 _JY UeS |\

Author Manuscript

p

S.I07eWIIS3
p91391100

-an nm_w_ ues A

Author Manuscript

(060
‘9€°0) 650
(201
‘2T°0) 850
(580
‘80°0) Z¥'0
(290
‘v0°0) T€'0
#TT
‘9€'0) ¥9°0
(TTT
‘87°0) GL'0
(960
‘97°0) 190
(62T
‘€7°0) G20
(eT'T
‘€€°0) 09°0
(so'T
‘0€°0) 95°0
(TTT
'6€°0) ¥9°0
(eT'T
‘87°0) ¥2°0
(z60
‘27°0) 99°0
(oe'T
‘27'0) €40
(e0T
'2€°0) 950
(s60
‘82°0) G50
(920
‘€€°0) 05°0
(620
‘67°0) £9°0

A

(z80
'2€°0) ¥S°0
(¥8°0
'82°0) ¥5°0
(€90
‘ZT°0) 9€°0
(670
'€0°0) TZ'0
(590
'S2°0) €70
(290
'92°0) £7°0
(¥9°0
'92°0) £7°0
(L0
'v2°0) €70
(z80
'92°0) S0
(r20
'v2'0) £7°0
(080
'2€°0) €50
(¥6°0
'67°0) ¥9°0
(T20
‘07°0) 95°0
(¥6°0
‘8€°0) ¥9°0
(280
'92°0) S0
(r20
'v2'0) £7°0
(ze0
‘11°0) 220
(ze0
‘TT°0) 220

Q>O

1)
Nd

Author Manuscript

(or0
‘€0°0) 220
(€90
‘0€°0) #7°0
(to
‘1¥°0) 850
(290
‘6€°0) 870
(6L0
‘07°0) 650

(050
‘6T°0) €€°0
(20
‘8T°0) TE'0
(ov0
‘6T°0) Z€0
(svo
‘12°0) T€0
(6%°0
‘8T°0) TE'0

(Lvo
‘8T°0) T€'0
(€90
‘0€°0) #7°0
(to
‘1¥°0) 850

)

T 0 0 9

W M u w
Nd

Author Manuscript

Stat Med. Author manuscript; available in PMC 2021 August 09.



Page 28

Liu and Colditz

156°0
¥16°0
EV6'0
086°0
8860
9860
7860
8860
0660
€660
¥66°0
¥96°0
G260
1560
G860
266°0
§66'0

6860
QUEIPIN

5050 (0 '€0°0)
9,70 (0 'T0°0)
119°0 (0 'T0°0)
€59°0(0'0)
ev2'0(0'0)
8e5°0 (0 '0)
€50 (0 °0)
£19'0(0'0)
£99°0(0'0)
26L0(0'0)
¥08'0 (0 '0)
Lv5°0 (0 'T0°0)
2250(0'10°0)
0020 (0 ‘T0°0)
z€L'0(0'10°0)
0v80 (0°0)
1650 (0 '0)

0150 (0 ‘0)
wnuwiu (@)

196°0
8¢6'0
¥56°0
1860
8860
1860
G86°0
6860
1660
€660
¥66°0
1960
9€6°0
0960
9860
€660
§66'0

0660
QUEIPIN

908°0 (100 ‘€T°0)
2820 (100 '0)
¥58°0 (10°0 ‘20°0)
188°0 (100 '70°0)
G16°0 (T0°0 '¥0°0)
7280 (0 '60°0)
7280 (0 'ST°0)
2880 (0 '21°0)
£88°0 (0 '60°0)
816°0 (100 '10°0)
€60 (10°0 ‘0)
280 (T0°0 ‘2€°0)
180 (10°0 '2T°0)
1680 (100 '0T°0)
126°0 (T0°0 '62°0)
656'0 (100 '€2°0)
880 (0 '¥0°0)

162°0(0°20°0)
wnuwiu @)

7560

§06'0

9€6'0

6160

1860

986'0

€860

886'0

066'0

€660

¥66'0

€960

8160

9v6'0

G86'0

2660

¥66'0

686'0

SUEIPPIN

690 (0'0)
9,20 (0 '10°0)
297°0 (0 '10°0)

€50 (0'0)

2v9'0 (0'0)

907°0 (0 '0)

65€°0 (0'0)

1750 (0 ‘0)

9750 (0 '0)

0590 (0'0)

22L0(0'0)
22’0 (0 '20°0)
L2€0(0'10°0)
€.50 (0 '10°0)

€€9°0(0'0)
0.20(0'0)

1270 (0 '0)

80€°0 (0 ‘0)
wnwiut (@)

G/'0 = P Yylmsiorewiss
P91091100-94 Y Uea |\

p

T°0 = P YHMS IOJeUINISD
p9199.1109-D4 _JY UeS |\

Author Manuscript

p

S.I07eWIIS3
p91391100

-an nm_w_ ues A

Author Manuscript

(S9°T
'v2°0) 88°0
(L7
‘€7°0) G8°0
(oT'T
'GE°0) 89°0
(8e'T
‘ST°0) 190
(81T
‘0T°0) S50
(85T
'GE°0) G8'0
(62T
‘1%°0) LL°O
#TT
‘6T°0) 29°0
(LzT
‘€T°0) G9'0
(80°T
‘vT°0) ¥S°0
W1t
‘TT°0) L¥'0
(Tr'T
‘€7°0) €8°0
(erT
‘87°0) 92°0
(580
'v€'0) LS50
(ot'T
‘LT°0) 850
(880
‘2T°0) 20
(L7
‘0£°0) €8°0
(TTT
'¥5°0) 82°0

A

(s80
‘€T°0) T7°0

(180
‘€T°0) T7°0

(180
‘€T°0) T7'0

(s80
‘€T°0) T7°0

(580
‘€T°0) T7°0

(6€'T
‘92°0) £€8°0

Tt
‘0%°0) ¥2°0

(e0'T
‘87°0) 850

(62T
‘€T°0) T9°0
(z0T'0) 670
(580
‘€T°0) T7°0
(670
'€0°0) T2°0
(870
'€0°0) TZ'0
(670
'€0°0) T2'0
(670
'€0°0) T2°0
(670
'€0°0) T2°0
(oT'T
'05°0) 18°0
(z6°0
'S5°0) ¥2°0

Q>O

1)
Nd

Author Manuscript

(sTT
‘v7°0) 280

(560
‘16°0) €20

(690
‘1€0) €50

(980
‘8T°0) ¥5'0

(#9°0
‘80°0) 9€°0

(o0
‘€0°0) 220

(w70
‘v0°0) 120

(zvo
'€0°0) 220

(or0
‘€0°0) 220

(9v°0
'v0°0) 220

(sTT
‘v7°0) 280

(s6'0
‘16°0) €40

(690
'1€°0) €50

(980
‘8T°0) ¥5'0

(#9°0
‘80°0) 9€'0

NAD

W M u w
Nd

Author Manuscript

Stat Med. Author manuscript; available in PMC 2021 August 09.



Page 29

Liu and Colditz

0460
9960
2960
1160
¥.6°0
0860
2860
LE6'0
6160
6v6°0
9960
6160
€860
¢L6'0
1160
186°0
8860

6860
QUEIPIN

zrL0(0'0) G160
0250 (0 '0) 0.6'0
8150 (0 '0) 1960
6v9°0 (0 'T0°0) G160
0v9'0 (0 '0) L16°0
81.°0(0'0) 2860
89.°0(0'0) 860
8750 (0 ‘T0°0) Sv6'0
€950 (0 '0) €€6°0
7020 (0 '10°0) 856'0
1120 (0 'T0°0) 0.6'0
€08°0 (0 '0) 2860
6£5°0 (0 '0) G860
G670 (0 '0) G.6'0
159°0 (0 '0) 0860
50.°0(0'0) 8860
G080 (0 '0) 066'0
1.80(0'0) 1660
wnuwiu (@) SUBIPN

206°0 (100 '0)
1180 (1T0°0 '20°0)
808°0 (100 ‘60°0)
0,80 (100 ‘'TT°0)
2,80 (10°0 '50°0)
¥06°0 (T0°0 ‘¥0°0)

€26'0 (00 °0)
££80 (100 '€T°0)
280 (100 ‘70°0)
868°0 (100 20°0)
£06'0 (10°0 '0T°0)
2v6°0 (T0°0 '80°0)

0£8°0 (0 'v0°0)

6820 (0'20°0)

7980 (0 '20°0)

606°0 (0 '¥0°0)

L¥6°0 (0 '¥0°0)

¥96°0 (10°0 '90°0)
wnuwiu @)

8960

€96'0

656'0

8960

¢L6'0

8160

0860

¢€6'0

1160

€V6'0

€96'0

8.6'0

2860

0.6'0

§/6'0

9860

886'0

686'0

SUEIPPIN

2090 (0'0)
98e'0 (0 '0)
2ve0(0°0)
8050 (0'0)
6150 (0'0)
609°0 (0 '0)
9,90 (0'0)
¥ev'0 (0 '€0°0)
€6€°0 (0 '€0°0)
985°0 (0 '10°0)
€090 (0'0)
1220(0'0)
v0v°0 (0 '0)
6820 (0'0)
2050 (0'0)
1650 (0'0)
0220 (0'0)

60870 (0 ‘0)
wnwiut (@)

G/'0 = P Yylmsiorewiss
P91091100-94 Y Uea |\

p

Author Manuscript

T°0 = P YylM S JoTew 3
91381100-94 Y Ues |\

p

SIorRWIS9
Po103.4J00

-an nm_w_ ues A

Author Manuscript

(te'T
‘ZT°0) 650
(zrt
'€2°0) /80
(or'T
‘SY°0) 6°0
(LzT
'12°0) 99°0
(zvT
‘9T°0) 69°0
(ezT
‘v1°0) 85°0
(LzT
‘2T°0) 250
(8v'T
'GE°0) €8°0
(81T
‘07'0) €2°0
(960
‘2€°0) LS50
(zzT
‘6T°0) 09°0
(zoT
'60°0) L¥'0
(25T
'G2°0) 680
(62T
'€5°0) 18°0
(e0T
‘8€°0) £9°0
(6T°T
‘9T°0) 19°0
(660
‘80°0) L¥'0
(z80
‘20°0) LE0

A

(s80
‘€T°0) T7°0

(6T
'9€°0) €8°0

T
‘07°0) ¥2°0

(e0'T
‘8T°0) 850

(62T
‘€T°0) T9°0
(20T '0) 670
(s80
‘€T°0) T7°0
(670
'€0°0) T2°0
(870
'90°0) 220
(670
'€0°0) T2'0
(670
'€0°0) T2'0
(670
'€0°0) T2°0
(oT'T
'05°0) T8°0
(260
'S5°0) ¥2°0
(280
'2€°0) S0
(¥8'0
'82°0) S0
(€90
'2T°0) 950
(670
'€0°0) T2°0

Q>O

1)
Nd

Author Manuscript

(080
‘TT°0) 2¥°0
(590
'90°0) T€'0
(€90
‘60°0) 0£'0
(650
‘90°0) T€'0

(90
‘90°0) T€'0
(zetT
'2€°0) 18°0
(960
‘27'0) 69°0
(580
‘GE°0) Y50
(zoT
‘6T°0) LG50
(080
‘IT°0) 270
(90
‘90°0) T€'0
(590
'90°0) 0£°0

(590
‘90°0) T€'0

)

T 0c O1 9

W M u w
Nd

Author Manuscript

Stat Med. Author manuscript; available in PMC 2021 August 09.



Page 30

Liu and Colditz

aLL=Y s |0 = P UNA JOIBWNSA PAIRLIO-D] s o] S

2%98=1 . 1) — )M JOIBWITISD PAIDLID-r),] [ Ww W w

SIRSN[D JO JAQUINN

wyob|y pasodoid

“(d' ) 10 sanfeA |[e ssoJoe panuapl ate s(@ ) Buipuodsaliod sy Buipnjoul 3y UBSW JO URIPSW PUB WNWIUIW L

"(d 1) yoes 104 paye|nojes i suolrenwis 0OQT Buowe 3y ueaw ay hﬁ

“(Xew ‘ulw) ueaw ‘azIs J3IsSN|I JO >ou
‘(Xew ‘uiw) ueaw ‘azis Japinoid Jo >0Q
‘(Xew ‘ulw) ueaw ‘azis aa19e.d Jo >om_

‘usened :Nd ‘az1s 8onoeid v ‘saonoeld Jo Jsquinu w/ ‘8z1s Jepiaoid

¥¢6°0
§06°0
6€6'0

556'0
Sl

1150 (0 '50°0)
0050 (0 ‘€0°0)
6290 (0 '20°0)

0£9°0 (0 'T0°0)
wnuwiu (@)

GE6'0 208°0 (10°0 '¥0°0)
€26'0 018°0 (20°0 '€T°0)
0560 €98°0 (20°0 ‘'80°0)

196°0 1980 (10°0 ‘0)
JUeIPPI wnuwiu @)

G/'0 = P YIMS.JoTew1ss
Po1391100-94 I UeS N

p

Author Manuscript

T'0 = P YIMS I0TeW!1S9

po1991103-94 cm_m_ ues N

(2971 (s8'0 (cet
1760 69€°0 (0 ‘'0) ‘02°0) 88°0 ‘€T°0) T7'0 T ‘2€0)180 9
(or'T (220 (960
768°0 6€€0(0'0) '6€°0) 280 ‘€T°0) £7°0 T 'Zr0) 690 S
(61T (L0 (580
T€6°0 €050 (0 ‘0) '2€°0) L9°0 ‘€T°0) 070 T 'GE°0) ¥5°0 14
(sv'1 (s8'0 (cot
156°0 60570 (0 ‘0) ‘02°0) 69°0 ‘€T°0) T7'0 T ‘61°0).50 €
SUBIPPIN wnwiuty (@) el e 1) N W v w
Nd Nd
SJIOTewW 1S9
91091102
“AW 34 U

Author Manuscript Author Manuscript Author Manuscript

Stat Med. Author manuscript; available in PMC 2021 August 09.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Liu and Colditz

TABLE 4

Number of practices adjustments with ,=0.2and o =1

K
3

(rp)
(0.2,0.01)

(0.2,0.1)

(0.2,0.01)

(0.2,0.1)

(0.2,0.01)

(0.2,0.1)

(0.2,0.01)

(0.2,0.1)

n

? m

287 16
587 12
16.1 86
461 82
356 14
756 10
212 84
612 82
425 14
925 10
263 84
763 80
494 14
1094 10
314 84
914 80

Asymptotic

98
94

96
94

96
90

96
90

FG-corrected with d=0.1
20
14

18
12

18
12

18
12

Stat Med. Author manuscript; available in PMC 2021 August 09.

Page 31



	Abstract
	INTRODUCTION
	STATISTICAL GEE MODEL
	Continuous outcome
	Binary outcome
	Count data

	BIAS-CORRECTED SANDWICH ESTIMATORS
	MD-corrected sandwich estimator
	FG-corrected sandwich estimator

	RE OF UNEQUAL VS EQUAL PRACTICE AND PROVIDER SIZES
	Simulation designs
	Simulation results

	PROPOSED ALGORITHM
	AN EXAMPLE
	DISCUSSION
	References
	FIGURE 1
	TABLE 1
	TABLE 2
	TABLE 3
	TABLE 4

