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Public summary

m The challenge in longitudinal studies lies in effectively addressing missing-not-at-random (MNAR) data, which complic-
ates data analysis.

m The proposed H-GEE method, combining the Heckman model and generalized estimating equations (GEE), aims to
overcome MNAR challenges for robust data analysis.

m Extensive simulations validate H-GEE’s effectiveness in handling MNAR data, highlighting its potential for advancing
genetic and epidemiological research.
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Abstract: In the interdisciplinary realm of statistics, genetics, and epidemiology, longitudinal sibling pair data offers a
unique perspective for investigating complex diseases and traits, allowing the exploration of the dynamic processes of gene
expression over time by controlling numerous confounding factors. Missing-not-at-random (MNAR) data are commonly
used in such types of studies, but no statistical methods specifically tailored have been developed to handle MNAR data in
complex longitudinal data in the literature. Here, we propose a new statistical method by jointly modeling longitudinal data
from sib-pairs and MNAR data. Extensive simulations demonstrate the excellent finite sample properties of the proposed

method.
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1 Introduction

Longitudinal sibling pair data refers to genetic and phenotyp-
ic data collected from siblings within a family over time by
controlling numerous confounding factors. This type of data
is widely applied in fields such as genetic epidemiology and
behavioral genetics, which can capture the changes in pheno-
type states and their genetic and environmental influences
over time. Researchers leverage such data, especially those
collected at multiple time points, to track phenotypic traject-
ories, uncover potential patterns or trends, and assess differ-
ences in responses to specific events or interventions among
siblings. This study design proves particularly effective in ex-
ploring genes related to complex phenotypes such as hyper-
tension, diabetes, heart disease, and height, as it allows re-
searchers to control for many difficult-to-measure potential
confounding factors, such as family background and other en-
vironmental influences'’.

In summary, longitudinal sibling pair data provides a
unique perspective for exploring the genetic and environ-
mental factors underlying complex phenotypes. For instance,
Friedlander et al.” proposed a method to adjust covariates in
longitudinal sibling pair data and applied it to blood pressure
data from the Framingham Heart Study. Guo et al.l! em-
ployed stepwise discriminant analysis techniques to analyze
chromosome data from the Framingham Heart Study, reveal-
ing interactions between genes and genes, as well as genes
and the environment related to hypertension. Additionally,
Keyes et al.! analyzed twin data to study the developmental
trajectories of illicit drug use, while Silventoinen et al.”! used
twin data from multiple countries to investigate the heritability
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of adult height. These studies underscore the importance of
longitudinal sibling pair data in exploring how genetic and
environmental factors collectively influence phenotypic
development.

However, collecting such data poses challenges, with the
most common issue being data missingness, especially non-
random missingness. Discarding such data may result in in-
formation loss and distorted inference results. Therefore, spe-
cialized statistical methods are necessary for the analysis of
longitudinal sibling pair data to elucidate the correlation
between siblings, make full use of the observed information,
and achieve reliable statistical inferences. Despite these chal-
lenges, longitudinal sibling pair data is crucial for understand-
ing the genetic and environmental factors involved in the de-
velopment of complex diseases and traits, providing a theoret-
ical foundation for future personalized therapies and interven-
tion strategies.

Most existing methods focus on the analysis of complete
longitudinal sibling data, neglecting the issue of missing data.
For complete longitudinal sibling data, methods for handling
longitudinal data can be utilized, taking into account the de-
pendency between siblings. There is extensive literature on
the analysis of univariate longitudinal data®”. Everitt and
Dunn"” provided a brief yet systematic method for analyzing
continuous and categorical responses to longitudinal measure-
ments. Dunlop"" offered a clear description of regression
methods for longitudinal data. Laird et al.'” described formu-
las for longitudinal data random-effects models. Detailed dis-
cussions on maximum likelihood estimation methods based
on the expectation-maximization (EM) algorithm were
provided by Laird et al.'*! and others. Liang and Zeger!'! dis-
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cussed the use of generalized estimating equations (GEE).

There is limited research in the existing literature regard-
ing the study of longitudinal sibling data with missing data.
Missing data mechanisms are generally categorized as miss-
ing completely at random (MCAR), missing at random
(MAR), and missing not at random (MNAR)". For man-
aging MCAR and MAR data, interpolation methods were
commonly employed, as discussed in the works of Little et
al.' and Sterne et al"”. Notably, Schafer and Graham"" along
with Graham!”! provided comprehensive descriptions of vari-
ous existing methods. In this paper, we focus on MNAR data
and propose a two-step method. In the first step, we estimate
missing data based on the Heckman model®. In the second
step, we propose to use generalized estimation equations to
estimate unknown parameters. A bootstrap strategy is adop-
ted to deal with the variability due to the estimated missing
data. The validity of our proposed method was confirmed
through extensive simulations.

2 Method

2.1 Notations and models

Let Y, represent the continuous phenotype of the j-th sib-
ling in the i-th family at time point #,; (k=1---,n;). This pa-
per focuses on the association between phenotypes and genet-
ic markers (single nucleotide polymorphisms, SNPs). Sub-
sequently, the term “test locus” is used to refer to such genet-
ic markers. Let A and a denote the major and minor alleles of
the test locus, respectively. Let X;; represent the genotype of
the j-th sibling in the i-th family (0 for AA, 1 for Aa, and 2
for aa).

We use the following linear model to characterize the influ-
ence of genotypes on phenotypes (outcome model):

Yijk =a +,BXX1J' +ﬁrt1jk + ')’Xijtijk + 17+ 10+ il + Eijie- (1)

Here, B, = (@, Bx.8,,y) is a fixed effect vector; 1;, 17,;, and 1
are independent normally distributed random effects with
mean zero and variances o, 0, and o, respectively; & is
the random error following the normal distribution with mean
0 and variance . Note that the three random effects reflect
variability due to family, individual, and time.

The MNAR mechanism of the phenotype is modeled

through the following Heckman model (selection model) >

{ Zi*jk =B +Ba Xy + Bt + B Xty + iy, (2)
Zijk = I(Z,-*,-k > 0),
where z7, is an underlying continuous variable and z;, is the
missingness indicator (z;; = 1 if ¥} is observed and z;; = 0 if
Y, is missing); I is the indicator function (/(A) =1 if A oc-
curs and I(A) = 0 otherwise); u,; is the error term following
the standard normal distribution; B, = (B,0,8,1,5..8:3) 1s a vec-
tor of fixed effects.

The joint model comprises the outcome model (1) and the
selection model (2). Let p denote the correlation coefficient
between u;; and &;. Let Y}, denote the observed outcome
(Y’ = Yiazii), then all observed data are (Y%, XiZi),
i=1,---,n; j=1,2;k=1,---,n;. All unknown parameters
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2 2 2 2
are B,, B, 0.,0,,0-,0°.

The joint model (1)-(2) extends the Heckman model from
several aspects. First, the phenotype model utilizes three ran-
dom effects to characterize variability at the levels of family,
individual, and time. Second, the joint model does not re-
quire &; to be normaly distributed. These two distinctions
significantly broaden the applicability of the Heckman model.
In the following subsection, we propose to use a generalized
estimating equation (GEE) to accommodate the non-normal
distribution assumption.

2.2 A two-step estimation method
If follows from (1)-(2) that the conditional expectation of the
observed outcome is

E(Y:Y;

Y #0) =E(Yy | 25, > 0) =
E(Yi | uyy > =B —Ba Xy = Botix —BaXijtiz) =
a+BxX;; + Bty +y Xt t
E(eip | wig > B — B Xy —Polin — BuaXitin) =

By X +po iy,

where

L PBX
ijk = —Q(ﬁ;xfjk)’

X5, = (1, X, 13, Xijti), ¢ is the probability density function of
the normal distribution, and @ is the cumulative distribution
function of the standard normal distribution.

We employ a two-step method to separately estimate the
parameter vectors S, and ;. In the first step, we can estimate
B, by the maximum likelihood estimator, denoted by /3’5,

based on the selection model (2). In the second step, we first

9B

replace A, by dx = X5

, yielding the linear model

Y = a+ B Xy + Bty + ¥ Xitin +p0';lijk + e,
where ¢;; is a random error with mean 0. Then, we employ
the GEE method to estimate 3, and po. This two-step meth-
od does not need to specify the distributional form of Y,
thus it is robust to a certain degree. In what follows, we
provide the detailed parameter estimation procedure and dis-
cuss the corresponding asymptotic properties.

The first step of the estimation algorithm is to estimate the
parameter vector S, by the maximum likelihood method,
which is based on the log-likelihood function for the ob-
served data (z;, Xijtip), i=1,---,n; j=1,2 k=1,--- ,n;:

nij

InL(B,) = Z”: 2 Zlnf(zuk | Xis tinsBe) =

=1 j=1 k=1

Zi[ D ne-p/X;0+ > lan)(ﬂS’X,:;k))].

=1 j=1 Lkigy=0 kzije=1
The maximum likelihood estimator B; of B, is defined as the
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solution to the following score equation:

dln L(B, 5 s dln (@i | Xijer L Bs)
2(B.) = (B)ZZZZ Sz X i3 _o.
B“ =1 j=1 k=1 &ﬂd‘

According to standard likelihood theory, under certain regu-
larity conditions, f, is consistent for B, and asymptotically
normal:

(B, —p)— NO,[-HEB)] "),
. 16*InL(B,
with H(B,) = E —M .
n 0B,0B.
In the second step of the algorithm, a GEE is constructed
based on the following linear model:

Y = a+BxX, + Bty +y Xty + podi + e,

ijk 3
i=1m j=12k=1,.n, )
Specifically, first define
ﬂf = (a,ﬁx,ﬁn%ﬁo')/’
Yi= (i, Y, Yo Y, )
e = (e, " 5 Cilns €215 """ 7812»1,,),9
Z = (Zill"" ’Ziln,,’ZiZHH' ’ZiZn,‘,)l’
Mi = Zi,st
where
Zy = (I’Xij’t[/kaX[/t[jkv;L/A),-
Model (3) can be expressed in the following form:
Y =ZB;+e, i=1,--,n 4

The corresponding GEE is
S =) %, (Y,-u) =0,
i=1

where X, is a working covariance matrix of Y;. In practice,
we can specify the correlation matrix R,(§) of Y, leading to
the working covariance matrix

i:y, = O'ZRi(é:)~

Some commonly used correlation coefficient structures in-
clude independence structure, exchangeable correlation struc-
ture, one-dependent structure, autocorrelation, and unstruc-
tured correlation. Regardless of the choice of correlation coef-
ficient structure, under suitable regularity conditions (eg., the
variance of Y;, denoted by o7, is independent of i, j, and k),
the corresponding GEE estimator 3 is consistent for 8 and
asymptotically normal:

ey

Estimates of 5 and G; can be obtained by applying the
existing GEE procedures implemented existing programs.
Note that in model (3), A shares a common random variable
B, resulting in correlation between Y7,. While the existing

Vu(@B-pB) — N(0,G,), with G, = O'Z[E{
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standard GEE procedures can produce consistent parameter
estimates, they may underestimate the covariance matrix G,
due to the correlation between Y;;,. To address this issue, we
propose to adopt the bootstrap method, which can provide a
consistent estimate of G;.

3 A simulation study

We conducted a simulation study to evaluate the perform-
ance of our Heckman-model-based method, referred to as
H-GEE. We also considered two additional methods C-GLM
and D-GLM. C-GLM directly fitted the generalized linear
model to complete data. On the other hand, D-GLM fitted the
generalized linear model to the observed data by discarding
missing data. Both C-GLM and D-GLM were implemented
by the R function /mer in the R package /me4. The R func-
tions nlminb and Imer were adopted to in the first step and the
second step of H-GEE, respectively. It is noteworthy that C-
GLM is not applicable in practical scenarios since it assumes
that missing data are observable. C-GLM was simply used as
a gold standard method.

The simulated data were generated as follows. First, under
the assumption of Hardy-Weinberg equilibrium, genotypes of
a single nucleotide polymorphism with minor allele
frequency 0.25 were independently generated for 100N
individuals. Genetypes of N couples were then drawn from
these genotypes by assuming random mating. Genotypes
(X1, X,) of two offspring were generated for each of N
couples based on Mendel’s laws of inheritance. Then, set
the model parameters B,, o2, 0., 02, B, p, and o° in
models (1)-(2), such that the proportion of error variance to
total variance was approximately 80% by setting
o =26+ +y +02+0;+07). Next, the age t,; was ran-
domly drawn from the uniform distribution U(45,75). Fi-
nally, Y, and z;, were generated according to models (1)-(2).
The number of time points, &, followed the uniform distribu-
tion in {2,4,5}): P(k=3)=P(k=4)=P(k=5)=1/3. The
parameters were fixed as o> =0.5, o;=0.25, o>=0.05,
B, =By 1,1,1), p=0.75,and B, = (5,2,1,0).

In all simulations, the default sample size, interaction ef-
fect, and missing rate were fixed at n =100, y =0, and 0.2
(corresponding to B,, = 1.5), unless specified otherwise. We
examined the performance of the considered methods under
various effect sizes, sample sizes, missing rates, and error dis-
tributions. We also evaluated the validity of the bootstrap
method for estimating the standard errors of parameter estim-
ates.

First, we examined the estimation and test results of vari-
ous genotype-time interaction effects for the three considered
methods. We considered four different values of interaction
effects (y =0, 0.25, 0.5, and 1). The sample size was fixed at
n =100. The simulation results based on 500 replicates are
presented in Table 1. Both C-GLM and H-GEE produced
very virtually unbiased estimates for the fixed effects S;,
while D-GLM had considerable estimation biases, especially
when y was large. These results demonstrated that simply de-
leting incomplete data could lead to very biased estimation
results in the presence of MNAR data, while the proposed
method H-GEE could effectively adjust such biases. Due to
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missing data, H-GEE was less efficient than C-GLM. For ex-
ample, the standard errors of the y estimates by H-GEE were
around 1.2 times those of C-GLM. The estimated standard er-
rors of H-GEE were considerably smaller than the empirical
ones (results not shown), indicating the necessity of employ-
ing the bootstrap method. The performance of the bootstrap
method will be examined at the end of this section.

Second, we evaluated the performance of the considered
methods under different sample sizes (n = 50, 100, 200, 300,
and 400). As shown in Table 2, both C-GLM and H-GEE
were virtually unbiased under various sample sizes. As

Table 1. Estimation biases (standard errors) with various interaction effects.

expected, the standard errors (SE) decreased when the sample
size increased. The estimation bias of D-GLM tended to be
stable with the increasing sample size, indicating systematic
estimation biases of D-GLM.

Third, we examined the performance of the considered
methods under different missing rates (0.05, 0.1, 0.2, 0.3, and
0.6), with the corresponding values of 8, being 3, 2, 1.5, 0,
and —1.5, respectively. As shown in Table 3, the estimation
bias of D-GLM dramatically increased as the missing rate in-
creased, while the estimation bias of H-GEE remained to be
very minor.

v Method® ap° Bo* B 5 it
0.00 C-GLM 0.00 (0.17) 0.00 (0.16) —0.01 (0.16) —0.00 (0.17) -
D-GLM 1.15 (0.18) -0.39 (0.18) -0.56 (0.17) -0.25 (0.19) -

H-GEE 0.02 (0.46) -0.00 (0.22) —0.02 (0.27) -0.00 (0.21) —0.04 (1.31)
0.25 C-GLM 0.00 (0.17) 0.00 (0.16) —0.01 (0.16) 0.00 (0.17) -
D-GLM 1.15 (0.18) -0.39(0.18) —0.56 (0.18) -0.25(0.19) -

H-GEE 0.02 (0.46) 0.00 (0.22) —0.02 (0.27) 0.00 (0.21) —0.03 (1.32)
0.50 C-GLM 0.00 (0.17) 0.00 (0.16) -0.01 (0.16) 0.00 (0.17) -
D-GLM 1.17 (0.18) —0.40 (0.18) —0.57 (0.18) -0.25 (0.20) -

H-GEE 0.02 (0.47) 0.00 (0.23) —0.02 (0.27) 0.00 (0.21) 0.03 (1.33)
1.00 C-GLM 0.00 (0.18) 0.00 (0.17) —0.01 (0.17) 0.00 (0.18) -
D-GLM 1.24 (0.19) —0.42 (0.19) —0.60 (0.19) -0.27 (0.21) -

H-GEE 0.02 (0.50) 0.00 (0.24) -0.02 (0.29) 0.00 (0.22) 0.25 (1.41)

“‘The true value of y. *C-GLM, the method fitting GLM with complete data; D-GLM, the method fitting GLM dropping incomplete data; H-GEE, the
proposed method based on the Heckman model. °The true value of ap was 5. ‘The true value of By was 2. The true value of 81 was 1. ‘The true value po

was 3.554.

Table 2. Estimation biases (standard errors) with different sample sizes.

N: Method® @o° Bo* Bre r poe

50 C-GLM —0.01 (0.23) 0.01 (0.23) 0.00 (0.23) —0.01 (0.22)
D-GLM 1.13 (0.24) ~0.40 (0.26) ~0.55 (0.26) ~0.25 (0.28) -
H-GEE 0.04 (0.59) ~0.01 (0.36) ~0.03 (0.30) ~0.02 (1.66) ~0.16 (0.32)

100 C-GLM 0.00 (0.17) 0.00 (0.16) ~0.01 (0.16) 0.00 (0.17) -
D-GLM 5.15(0.18) ~0.39 (0.18) ~0.56 (0.17) ~0.25 (0.19) -
H-GEE 0.02 (0.46) 0.00 (0.22) ~0.02 (0.27) 0.00 (0.21) ~0.05 (1.31)

200 C-GLM 0.00 (0.12) 0.00 (0.11) 0.01 (0.12) 0.00 (0.11) -
D-GLM 5.14 (0.12) ~0.38 (0.13) ~0.54 (0.12) ~0.24 (0.14) -
H-GEE 0.02 (0.33) 0.00 (0.16) 0.00 (0.19) 0.00 (0.14) ~0.04 (0.91)

300 C-GLM 0.00 (0.09) 0.00 (0.10) ~0.01 (0.10) 0.00 (0.09) -
D-GLM 1.15 (0.10) ~0.37 (0.11) ~0.56 (0.10) ~0.24(0.11) -
H-GEE 0.01 (0.24) 0.00 (0.12) —0.01 (0.15) 0.00 (0.12) —0.01 (0.67)

400 C-GLM 0.00 (0.08) —0.01 (0.08) 0.00 (0.08) 0.00 (0.08) -
D-GLM 1.15 (0.09) ~0.39 (0.09) ~0.55 (0.09) ~0.25 (0.10) -
H-GEE 0.01 (0.23) ~0.01 (0.11) 0.00 (0.14) 0.00 (0.11) ~0.03 (0.64)

‘The number of families. "C-GLM, the method fitting GLM with complete data; D-GLM, the method fitting GLM dropping incomplete data; H-GEE, the
proposed method based on the Heckman model. °The true value of @p was 5. ‘The true value of By was 2. °The true value of 81 was 1. 'The true value of

y was 0. ¢The true value of po- was 3.554.
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Fourth, we examined the performance of the considered
methods under several typical non-normal error distributions.
Two non-normal distributions were considered: the ¢-
distribution with 5 degrees of freedom and the skewed nor-
mal distribution with skewness parameter 5. As shown in
Table 4, C-GLM and H-GEE were again virtually unbiased,
while D-GLM had systematic estimation biases.

Finally, we examined the bootstrap method for estimating
standard errors in H-GEE. Let the version of H-GEE incor-
porating the bootstrap method be denoted by H-GEE-B. The
simulation results corresponding to Table 1 are presented in
Table 5. Evidently, the estimated standard errors were close
to the empirical ones for all parameters, and the correspond-
ing coverage probabilities were close to the nominal level
0.95. This demonstrated the validity of the bootstrap method.

Table 3. Estimation biases (standard errors) with different missing rates.

4 Discussion

With the progress of bioinformatics and epidemiology, the
understanding of complex diseases and traits continues to
deepen. The longitudinal sibling pair data provides research-
ers with the opportunity to explore in detail the patterns of ge-
netic changes over time, offering a crucial means for inter-
preting the connection between genes and complex diseases
and traits. Its profound value lies in its ability to help re-
searchers delve into the interaction between genes and time,
bringing new research directions to the fields of genetics and
epidemiology.

To further explore this dynamic relationship, this study ad-
opts a longitudinal research strategy and collects sibling pair
data at multiple time points. However, this research strategy

Rate® Method® ao° Bo’ B¢ e pot
0.05 C-GLM 0.00 (0.17) 0.00 (0.16) —0.01 (0.16) 0.00 (0.17) -
D-GLM 0.32(0.17) —0.03 (0.16) —0.24 (0.16) —0.14 (0.17) -
H-GEE 0.02 (0.26) 0.00 (0.16) —0.02 (0.22) —0.01 (0.20) —0.09 (2.26)
0.10 C-GLM 0.00 (0.17) 0.00 (0.16) —0.01 (0.16) 0.00(0.17) -
D-GLM 0.66 (0.17) —0.16 (0.17) —0.40 (0.17) —0.20 (0.18) -
H-GEE 0.02 (0.34) 0.00 (0.18) —0.02 (0.24) —0.01 (0.20) —0.05 (1.61)
0.20 C-GLM 0.00 (0.17) 0.00 (0.16) —0.01 (0.16) 0.00 (0.17) -
D-GLM 5.15(0.18) —0.39(0.18) —0.56 (0.17) —0.25(0.19) -
H-GEE 0.02 (0.46) 0.00 (0.22) —0.02 (0.27) 0.00 (0.21) —0.05 (1.31)
0.30 C-GLM 0.00 (0.17) 0.00 (0.16) —0.01 (0.16) 0.00 (0.17) -
D-GLM 1.61 (0.18) —0.61 (0.18) —0.68 (0.18) —0.29 (0.21) -
H-GEE 0.02 (0.56) 0.00 (0.27) —0.02 (0.28) 0.00(0.22) —0.03 (1.14)
0.60 C-GLM 0.00 (0.17) 0.00 (0.16) —0.01 (0.16) 0.00 (0.17) -
D-GLM 3.40(0.25) —1.41(0.25) —1.14(0.28) —0.42 (0.33) -
H-GEE 0.02 (0.90) 0.00 (0.43) —0.02 (0.38) 0.00 (0.30) —0.03 (0.87)

‘The proportion of missing data. *C-GLM, the method fitting GLM with complete data; D-GLM, the method fitting GLM dropping incomplete data; H-
GEE, the proposed method based on the Heckman model. “The true value of @ was 5. “The true value of By was 2. °The true value of 51 was 1. The true

value of ¥ was 0. #The true value of po- was 3.555.

Table 4. Estimation biases (standard errors) with different error distributions.

Error* Method® ao° Bo* B¢ b4 pUe
N(O,1) C-GLM 0.00 (0.17) 0.00 (0.16) ~0.01 (0.16) 0.00 (0.17) -
D-GLM 1.15 (0.18) ~0.39 (0.18) ~0.56 (0.17) ~0.25 (0.19) -
H-GEE 0.02 (0.46) 0.00 (0.22) —-0.02 (0.27) 0.00 (0.21) —0.05 (1.31)
ts C-GLM 0.00 (0.10) 0.01 (0.09) 0.00 (0.09) 0.00 (0.09) -
D-GLM 0.49 (0.10) ~0.15 (0.10) ~0.23 (0.10) ~0.11 (0.10) -
H-GEE 0.01 (0.25) 0.01 (0.12) 0.00 (0.15) 0.00 (0.12) ~2.07 (0.69)
SN(5) C-GLM 0.01 (0.09) 0.00 (0.07) 0.00 (0.06) 0.00 (0.06) -
D-GLM 0.01 (0.09) 0.00 (0.08) ~0.01 (0.07) 0.00 (0.07) -
H-GEE 0.02 (0.20) 0.00 (0.10) ~0.02 (0.11) 0.00 (0.09) -3.61 (0.56)

“The error distribution: N(0,1), the standard normal distribution; #s, the t-distribution with 5 degrees of freedom; SN(5), the skewed normal distribution
with the location parameter of 5. °C-GLM, the method fitting GLM with complete data; D-GLM, the method fitting GLM dropping incomplete data; H-
GEE, the proposed method based on the Heckman model. “The true value of @ was 5. “The true value of By was 2. °The true value of 51 was 1. 'The true

value of ¥ was 0. #The true value of po- was 3.555.
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Table 5. Simulation results using the bootstrap method.
» @ Bo B ¥

SE® SEE® CP¢ SE SEE Bias SE SEE CP SE SEE CP
0.00 0.45 0.45 0.93 0.23 0.22 0.94 0.26 0.27 0.95 0.21 0.21 0.94
0.25 0.46 0.45 0.93 0.23 0.22 0.94 0.26 0.27 0.95 0.21 0.21 0.93
0.50 0.46 0.46 0.93 0.23 0.23 0.94 0.27 0.28 0.95 0.21 0.21 0.93
1.00 0.48 0.47 0.93 0.24 0.23 0.94 0.27 0.28 0.95 0.22 0.22 0.94

“True value of y; "empirical standard error; ‘mean estimated standard error; ‘coverage probability of 95% confidence interval.

comes with challenges, such as MNAR outcomes. There is a
lack of literature on methods for handling MNAR outcomes
in longitudinal studies. To address this issue, this paper pro-
poses a novel method H-GEE, which combines the Heckman
model and generalized estimating equations (GEE). H-GEE
enables effective statistical analysis of longitudinal sibling
pair data in the presence of MNAR outcomes. Extensive sim-
ulation studies confirmed the feasibility of this method under
limited samples. H-GEE exhibited a reasonably good per-
formance in our simulation studies.

H-GEE has its limitations. Currently, it can only handle
continuous response variables, and it deserves to be extended
to other types of response variables such as binary response
variables, count response variables, and survival time re-
sponse variables. Additionally, although the bootstrap meth-
od is valid in estimating standard errors, it is time consuming.
It deserves further investigation to derive the asymptotic dis-
tribution of estimators, so that an explicit standard error es-
timator can be obtained.
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