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Abstract

Fetal alcohol spectrum disorders (FASD) are thought to be the leading cause of developmental
disabilities worldwide. Accurate estimates of the prevalence of FASD have been lacking. An
improved estimate of FASD prevalence in the U.S. was recently reported in a study where
multistage methods of active case ascertainment of first-grade children with FASD were utilized in
four regions in the U.S. Each method relied on parental consent and therefore had potential non-
response bias. We consider weighted approaches, where the weights were formed using the
distribution of observed variables in the population from which the samples were drawn. However,
there are likely other unobserved variables that affect both non-response and FASD outcome. We
describe sensitivity analyses using methodology developed for causal inference. The results show
feasible regions of FASD prevalence under certain assumptions, and provide a framework for
explaining the non-response bias due to the unobserved variables.

Keywords

Causal inference; Feasible lower bound; Inverse probability weighting; Non-response; Sampling
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INTRODUCTION

Fetal alcohol exposure occurs when a woman drinks alcohol while pregnant. Data from
prenatal clinics and postnatal studies suggest that 20 to 30 percent of women consume
alcohol at some time during pregnancy (1). Alcohol can negatively influence fetal
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development at any stage during a pregnancy, including at the earliest stages in gestation,
often before a woman knows she is pregnant (2). Alcohol consumption during pregnancy
can affect the developing embryo or fetus, leading to specific facial features, growth
deficiencies, and a range of characteristic cognitive and behavioral problems that may
become apparent at any time during childhood. Fetal alcohol spectrum disorders (FASD) is
the umbrella term for the spectrum of effects of prenatal alcohol exposure, which include
fetal alcohol syndrome (FAS), partial fetal alcohol syndrome (pFAS), alcohol-related
neurodevelopmental disorder (ARND), and alcohol-related birth defects (ARBD). The
estimated lifetime cost (for example, lost productivity, housing, medical services) for one
individual diagnosed with FAS, the most severe end of the spectrum, is 2.9 billion U.S.
dollars (3); and the cumulative costs of care for all FAS-affected individuals has been
estimated at 6 billion U.S. dollars annually (4).

Primary care physicians often lack sufficient training or confidence to ascertain accurate
prenatal alcohol exposure histories from women or to recognize the clinical features of
FASD in children. This results in the failure of referral of FASD-affected individuals for
appropriate evaluation and treatment, and under-reporting of the disorder. The magnitude of
the potential cost of FASD for affected individuals and families substantiates the critical
public health significance of the disorder. For these reasons, more accurate U.S. estimates of
the prevalence of FASD are needed in order to establish a baseline against which to measure
the effectiveness of prevention and intervention programs. Accurate estimates are also
needed to better inform the need for specific services and interventions to ultimately
improve health outcomes for families and children.

The Collaboration on FASD Prevalence (CoFASP) research consortium, funded by the
National Institute on Alcohol Abuse and Alcoholism (NIAAA) beginning in September
2010, sought to establish the prevalence of FASD among school-aged children in several
U.S. communities, using active case ascertainment methodology. The primary findings of
the CoFASP consortium, recently reported in May et al. (2018) (5), were conservatively
estimated prevalences of FASD ranging from 1.1-5.0%.

The study design used by CoFASP was an epidemiological survey of children in the first
grade in school in the general population of each of four U.S. communities, where case
ascertainment, i.e. classification of FASD, required complex multistage procedures.
Depending on the site, these steps included: seeking parental permission to contact, consent
to and completion of screening of children using growth measures and/or a developmental
questionnaire, and consent to and completion of a comprehensive evaluation for physical
features of FASD, child neurodevelopment, and a maternal interview to capture prenatal
exposure to alcohol. Each stage of the procedure reduced the number of children who
eventually provided sufficient data to be classified as having an FASD or not, leaving the
remainder as “non-response” with respect to the primary outcome of interest. This non-
response portion ranged from 49 to 81 percent across the eight samples (5).

Weighted approaches are routinely used in public health surveillance, including those
conducted by the Centers for Disease Control and Prevention (CDC) as well as state health
departments, to account for stratified design, oversampling, non-response, and non-coverage.
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Weighting each record appropriately can help to adjust for the differences between the
sample and the target population. Weighting the observed values by inverse-probabilities of
selection was initially proposed by Horvitz and Thomas (6) and has since been widely used
in missing data problems and causal inference (see for example, Robins et al and Hogan et
al) (7, 8).

Forming weights for estimation of the prevalence of FASD requires that data be available on
the distribution of the relevant variables in the target population, that is, variables that predict
non-response as well as FASD outcome; some examples are: specific patterns of alcohol use
in pregnancy, socioeconomic status, maternal age, parity, and race/ethnicity. However, the
availability of such a distribution is limited in practice. The implication of such limitations is
that we are very likely to have uncontrolled “confounding” when using the available
variables to form weights to estimate FASD prevalence rates, and therefore sensitivity
analysis is imperative. Here the word “confounding” is borrowed from the causal inference
literature and we further elaborate this in the Methods Section below.

In this analysis we sought to address the potential non-response bias in the estimation of
FASD prevalence with weighted approaches and a sensitivity analysis, using as an example
one of the regions in the COFASP study to derive a feasible lower bound for the prevalence
of FASD in that population.

METHODS

Study design and samples

The design of the parent study was described in May et al. (2018).(5) First grade children
with parental consent were recruited from public and private elementary schools in four
geographic locations in the United States using a cross-sectional design over two academic
years. In order to construct the weighted estimates of the FASD prevalence rate, it was
necessary to have 1) the distribution of selected variables in the target population such as
maternal alcohol use, and 2) these same variables having been captured in the sample data.
To illustrate the sensitivity analysis approach, two samples were selected from the CoFASP
primary outcome dataset: the Pacific Southwestern City site for the 2012-2013 and
2013-2014 academic years.

Inverse-probability weighting and sensitivity analysis

In the following suppose that we have a random sample of units /=1, ... , NVfrom an infinite
population. Let Y;be the primary outcome of interest; in our case Y;= 1 or 0 indicating
diagnosis ‘yes’ or ‘no’ FASD (or sub-categories as appropriate) for child /. Let ;=1 or 0 be
the response indicator of whether a child has received an FASD (or subcategory) diagnosis;
i.e. whether Y/;is observed. In our case only those children who completed the
comprehensive evaluation and received classification as FASD ‘yes’ (including
subcategories FAS, pFAS and ARND) or ‘no’ are responders. Let X;be a vector of observed
covariates such as race/ethnicity, maternal alcohol use, etc. Our goal is to obtain an
(asymptotically) unbiased estimate of the population mean E( Y). If we can assume that Y;
and R;are conditionally independent given X;then the response (or equivalently, missing)
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mechanism is called strong ignorability (9), also referred to as ‘no uncontrolled
confounding’, which implies that the missing Y;'s are missing at random (MAR) (10).
Under this assumption, if we can use X;to predict the probabilities of response, then inverse-
probability weighting (IPW) can be used to provide a consistent estimate of the population
mean, i.e. prevalence in this case. We note that the MAR assumption cannot be tested using
the observed data, and we will base our sensitivity analysis on various departures from this
assumption.

MCAR estimate—The primary finding for the estimates in May et al. (2018)(5) assumed
that data were missing completely at random (MCAR), that is, children in the eligible
sample who were not evaluated had the same prevalence of FASD as those who completed
the evaluation within each subpopulation. This included children not consented or those who
did not complete all components of the evaluation. The subpopulations were then combined
using the known weights; see May et al. (2018)(5) for more details.

MAR estimate—This estimate assumes that the outcome is missing at random (MAR). It
uses IPW with weights based on the propensity of response estimated using .X. More
specifically the MAR estimate is obtained using (Y w;R;Y})/ N, where w;=l/AR;=1|.X). In
our case since Xis categorical (itself can be a combination of several categorical variables
with all possible interactions, as described below), the propensity of response AR;= 1|.X)) is
estimated by the observed frequency of response within each category of the distribution of
X this is equivalent to fitting a so-called saturated parametric propensity model.

For the distribution of X'in the target population, maternal race/ethnicity and alcohol use
was captured from the 2005-2007 California Maternal and Infant Health Assessment
(MIHA) for the Pacific Southwestern City. The MIHA survey was conducted postnatally
among recent mothers who were randomly sampled for participation from birth certificates
in that year (11). More specifically, “Any Alcohol Use” in our COFASP samples was defined
as any alcohol consumption reported during pregnancy, and in MIHA was defined as any
alcohol consumption during the first or third trimester.

Sensitivity analysis—In order to carry out the sensitivity analysis, we followed the setup
of Shen et al (12) for causal inference of a treatment effect. While we do not have a
treatment under concern, it is well known that under the potential outcomes framework for
causal inference, within each treatment group and the corresponding population, the
observed treatment assignment is equivalent to our response indicator here, and the average
treatment effect is the difference between the two population means that one needs to
estimate. The MAR assumption is equivalent to no unobserved confounding.

Following Shen et al (12) sensitivity of the MAR estimate obtained using IPW is affected by
the unmeasured ‘confounder’ denoted as U. It is assumed that Yand Rare conditionally
independent given Xand U. The following parameters enter the sensitivity analysis:

1. £=0.1,0.2, 0.3, and 0.4, which reflects the effect of {/on the response indicator
R, in terms of odds ratio (OR) in a range of roughly 1-3, assuming a probit
model for the propensity of response.(12) More precisely, assume that
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S*=PR=1]|X,U)=dgX)+7U), (1)

where &) is the cumulative distribution function (CDF) of standard normal,
g(X) is some function of X, and U~ M0,1) is independent of X. Shen et al (12)
showed that z values between 0.1 - 0.4 correspond to OR of roughly 1 - 3 for the
effect of one interquartile range change in Uon S* .

2. p=Corr(Y; €), where e= §*/S, S* = E(R X; U) is the true propensity of
response, and S= E(A] X) is called the pseudo propensity score. In other words p
is the correlation between the outcome Yand the error in (modeling) the
propensity of response because of the unobserved U. It can be seen as capturing
the effect of Jon Y'in addition to its effect on /. We will further explore the
values of p below using simulations.

3. A which is a nonparametric version of z, without assuming a probit model for the
propensity of response. For more details see Shen et al (12).

Sensitivity of the MAR estimates is obtained by solving a quadratic equation (7) of E(Y) in
Shen et al. (12) for given values of pand zor A. See Shen et al (12) for more details.

Simulation to determine the range of p

While the interpretation of zand A is clear from the above as the effect of Uon R, the
meaning of the values of p is less clear. This is because while it captures the dependence of
Yon U, in generating the data it can also depend on the values of z. To determine a realistic
range for p to be used in practice, we carried out extensive simulation experiments for
various plausible scenarios including parameter values. The simulation setup is briefly
described below, with more details provided in the Supplement File.

Since we can choose the distribution of X'in simulations, without loss of generality we may
assume g(:) to be the identity function. From (1) we have (Shen et al.(12)

X

Vi+d)

S=PR=1|X)=d )

For given values of z, X; and U, we can compute € = S*/S, and also generate Yaccording to

exp(ﬁ0 + 5, X+ p,U)
L+ exp(fy+ p X+ B,U)"

PY=1|X,U)= 3)

We can then compute the Monte Carlo sample-based correlation coefficient for p = Corr( Y,

€).

We considered various distributions for X including normal, uniform, binary and Poisson.
Various magnitudes of 81 and 5 in (3) were also considered that reflected the different
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effects of the unobserved Uon Yrelative to the effects of the observed X. In addition, during
an early stage of the CoFASP project we also considered to let X follow the 2012-2013 joint
distribution of child race/ethnicity and eligibility for free or reduced-price meal plan in the
Pacific SW City. See the Supplement File for more details.

Imputing predictors of response

RESULTS

There were two ways X values could be missing. In the first, in the CoFASP samples, only
the children who received an FASD classification yes or no (i.e. responders) had variables
such as maternal race/ethnicity and alcohol use captured during the comprehensive
evaluation. These variables were not observed for the remainder of the subjects. For these
non-responders, we can impute their X values from the distribution below:

PX=x)-PX=x|R=1)-PR=1)
PR=0) ’

PX=x|R=0)=

where A(X = X) is obtained from the population MIHA survey, A.X= xR = 1) is estimated
directly from the observed sample data, and AR = 1) and P(R = 0)are estimated by the
proportions out of the N children with observed and unobserved FASD outcomes in the
samples, respectively.

In the second source of missing X values, maternal race/ethnicity and alcohol use data were
missing for a number of the responders, i.e., children who received the comprehensive
evaluation and an FASD classification yes or no. These subjects typically had all their other
maternal characteristic variables missing as well, i.e., had not completed the maternal
interview. We considered imputation using multivariate imputation by chained equations
(MICE) (13), using the FASD classification as the predictor.

Multiple imputation (MI) was employed for both types of missing described above. Ten
imputations were carried out, and the results from each imputation were combined using the
standard MI approach to obtain the final point estimate and its estimated variance (14).

In addition, for the second type of missing, we also imputed all of the missing values as the
category with the highest and the lowest FASD prevalence in the sample; for example, all
missing the variable “Any Alcohol Use” were imputed as ‘yes’ or as ‘no’, respectively.

Simulation results

Simulation results are given in the Supplement File Section 2. Apparently o tends to be
increasingly positive as Uincreases the odds of Y= 1, and increasingly negative as U
decreases the odds of Y= 1.

From the extensive simulation results we see that the values of p lie between (-0.31, 0.31)
for all the situations considered, and between (-0.3, 0.3) when both odds ratios (ORs) in the
tables of the Supplement are within 0.33 and 3. We note that relevant odds ratios between

Reprod Toxicol. Author manuscript; available in PMC 2020 June 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Xu et al. Page 7

0.33 and 3 are the commonly used to set the sensitivity parameters (15). In the sensitivity
analysis below (-0.3, 0.3) was the range used for p.

CoFASP data results

Table 1 shows the distribution of the variables any alcohol use, and alcohol by race/ethnicity
among the n = 404 and 483 children classified as FASD yes or no and subcategories in the
Pacific Southwestern City in the 2012-2013 and 2013-2014 sample years, respectively. It
also shows the distribution of these variables from the MIHA survey for those years. After
imputing the missing values as described above, these distributions were then used to
compute the MAR estimates, which are given in Table 2.

In Table 2, the various estimates were computed for the entire samples of N = 2,238 and
2,171 eligible first-grade children in the schools selected for participation in those two
school years. The MCAR estimates were the estimates from May et al. (2018) (5). The
absolute lower bounds (ALB) were also from May et al. (2018) (5), using the number of
FASD and subcategory cases divided by the total number (N) of eligible children.

It is seen that different imputation methods for missing covariate information among the n
children gave different MAR estimates, typically from higher to lower (A — C). The only
exception is FAS in 2012-2013, where the only case occurred in the “no” category of “any
alcohol use” and the “no-Latina” category of any alcohol x race/ethnicity.

The sensitivity analysis results are illustrated in Figure 1, for 2012-2013 and using MICE for
imputation. For each panel within the figure, for example, Total FASD and using “any
alcohol use” as the weighting variable (first row last panel), the lower right end of the solid
lines (nonparametric with A = 0.088 and p = 0.3) gives the lowest possible value of the
estimated Total FASD prevalence among the sensitivity analysis results shown in that panel.
This value is given as the corresponding feasible lower bound (FLB) in Table 2. The FLB’s
are guaranteed to be no lower than the ALB’s in its implementation (12). On the other hand,
the wide vertical ranges of these lines, both solid (for nonparametric approach) and dashed
(for parametric approach), show the ranges of plausible prevalence values depending on the
amount and direction of the uncontrolled confounding as discussed earlier. Additional
sensitivity analysis plots similar to Figure 1 are given in the Supplement.

The overall FLB is the lowest of the six FLB’s among the six combinations using two
different predictors of response, and three different imputation methods; these are shown in
bold typeface in Table 2. It is seen, for example, that the overall FLB for Total FASD
prevalence in 2012-2013 was 3.63 per 100 children, compared to the ALB of 1.88. Similarly,
in 2013-2014, the overall FLB for Total FASD prevalence was 2.94 per 100 children,
compared to the ALB of 2.26. Similar comparisons can also be drawn for the subcategories
of fetal alcohol syndrome (FAS), partial fetal alcohol syndrome (pFAS) and alcohol related
neurodevelopmental disorder (ARND). An important immediate message is the following:
by carrying out careful sensitivity analysis, we were able to derive tighter bounds for FASD
prevalence than previously published.
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DISCUSSION

For epidemiological surveys like the COFASP, multiple stages of the active case
ascertainment process can create bias for estimating FASD prevalence that is unknown both
in direction and in magnitude. This is in contrast to population-based approaches used by the
CDC for diseases like cancer, although similar issues exist for other conditions like autism
(16). Weighted estimates have been commonly used for survey data, which is equivalent to
our MAR estimates. Our sensitivity analysis shows, however, that if uncontrolled
confounding exists, it can have substantial impacts on the estimated prevalence rates.

The primary finding in May et al (2018) (5) also used weights, but the weights were only
based on the sampling probabilities of subpopulations, such as screened positive versus
negative, or being less than 25! percentile on growth etc., while assuming no consent bias or
any bias from children who did not complete the full evaluation. The weights in the present
analysis are different in that they make use of predictors of non-response, and coupled with
sensitivity analysis, they address the consent bias and any other bias resulting from missing
outcomes.

The sensitivity analysis presented here utilized the nonparametric approach of Shen et al
(12) so that no specific models were assumed. The actual derivation of the Shen et al (12)
results is mathematically complex, and is not the focus of our application; we refer
interested readers to their original work. The setup of Shen et al (12) framework quantifies
how the unobserved variable U varies its strength of effects on the response indicator /R and
the FASD outcome Y. The two parameters of the analysis control the effects of /on Rand
Y, respectively. While the meaning of A (7) is straightforward in terms of the odds ratio of U/
on R, we had to carry out extensive simulation in order to determine the feasible values of p.
Careful selection of these parameter values helps to ensure that the results of the sensitivity
analysis are useful in practice. In this case, the feasible lower bounds of FASD and
subcategory prevalence rates were improved compared to the absolute lower bound
published in May et al. (2018) (5).

In the Methods Section above we have briefly pointed out the connection between
prevalence estimate in one population and causal inference in two or more populations. The
latter is more complex as there are distinct issues such as selection bias, unobserved
confounding, etc. In our simpler one-sample and one-population problem, however, these are
all equivalent to non-response bias.

In this paper, we have restricted our attention to the methodology of sensitivity analysis of
the weighted MAR estimate. An additional issue is the handling of missing covariates.
Multiple imputation assumed that these covariates were missing at random. The additional
sensitivity to this assumption was not investigated in the current work.

A limitation of this approach was that we selected the variable of “any alcohol use in
pregnancy” as this was captured in the CoFASP study by maternal interview, and was
available in the reference population survey through MIHA data. However, low levels of any
alcohol use in early pregnancy are not clearly associated with risk for FASD. The more
informative covariate would have been multiple “binge” episodes of multiple drinks per
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occasion in pregnancy, as this is the pattern of alcohol consumption most predictive of
FASD. Although the variable of two or more occasions of three or more drinks per occasion
was used to define risky alcohol exposure in the CoFASP study, a comparable quantity/
frequency measures was not available in the MIHA survey data for the Pacific Southwestern
city for the relevant years 2005-2007.

A second limitation is that it is unknown to what extent maternal alcohol use was under-
reported or mis-reported in the maternal interviews either in the COFASP samples, or in the
MIHA data.

A third limitation is that we have restricted our sensitivity analysis to unobserved
confounding only. For estimation of prevalence rates, it is common to consider sensitivity to
the classification criteria. There are a number of different diagnostic schema for FASD
currently in use, and when these are alternatively applied to the same sample of children, the
resulting prevalence of FASD varies widely, as recently demonstrated by Coles et al (17). In
the case of CoFASP, if alternative classification criteria were applied, the absolute lower
bound prevalence estimates, and therefore the feasible lower bound estimates, would have
differed.

In summary, in epidemiological survey studies, and in particular in the study of a disorder
such as FASD, a number of biases may influence the results. Maternal alcohol consumption
may not be accurately reported, and mothers with affected children may be less (or more)
likely to participate. Thus, consent bias may substantially impact estimates of prevalence in
either direction. Sensitivity analyses are needed to better understand the range of potential
prevalence.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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HIGHLIGHTS
. Follow-up work to a recent JAMA article that received wide media coverage
(NYtimes, CNN, etc)
. Sensitivity analyses on estimates of fetal alcohol spectrum disorders (FASD)
prevalence
. Methodological implications to epidemiological surveys using weights where

unobserved ‘confounding’ (for non-response) might be present
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Figure 1.
Sensitivity analysis for FASD and sub-category prevalence for the Pacific Southwestern city

in 2012-2013. Abbreviations: Fetal Alcohol Syndrome (FAS); partial Fetal Alcohol
Syndrome (pFAS); Alcohol-Related Neurodevelopmental Disorder (ARND); Fetal Alcohol
Spectrum Disorder (FASD).

Reprod Toxicol. Author manuscript; available in PMC 2020 June 01.

== 1 (parametric)

— ) (nonparamatric)

(1, A) values

a (0.4,0.088)
b (0.3,0.053)
c (0.2, 0.024)
d (0.1,0.006)



Page 13

Xu et al.

‘1D UIBISIMLINOS D1419ed L) 40§ 2002-G00Z BuLINp (YHIIN) JUBWSSASSY L}[ESH JUBJU| PUE [eLiale|y

N
(%0°€) €T (%z'8) ¥ (%58) 0z (%6TT)S  Buissin
%02'8¢C (%1'8) G¢ (%02)T  (%881)89  (%TL)€  SMUMON
%06'CT (wetn 6y (w0t vz sy (%8¥)Z  18YI0-ON
%05 6€ (%528) 822 (%v'02) 0T (%60v) 8¥T  (%T'L)€  euned-oN
%08'TT (%r0oT) G (%E9T)8  (%6'6) 9 (%9'82) 2T  SUUM-SIA
%0€'C wse) vz (wezn9  (%ee) T (%S6) 7 1BYIO-SeA
%0€'G (wze) oy (%888)6T  (%T6)eE  (%0'TE)ET  BUNET-SBA  ANdIUYIT/EoRY Aq joyod]y Auy
(%0°€) €T (%z'8) ¥ (%z9) 6T  (%6TT)S  Bussin
%0008 (w61 2te  (WSv2) 2l (%Tel) 192 (%0'6T) 8 ON
%0002 (%1'52) 60T  (%e29)ee  (%L22) 28  (%0'69) 62 SOA [0yod|v Auy
asv4 oN asvd asv4 oN asv4
Hmmumw_ VYHIN 19ne] a|qerren

(e8v=u) ¥102-€T02

(vOv=u) €102-2102

"¥T0Z-E£T0Z PUe £T0Z-ZTOZ Ul AID UIBISIMUINOS J1J19Bd 8U) Ul (QSWH) JepJosia winiaads |oyod|y [e1e4 Aq ssjqelieA Bunybispn Jo uonnguisia

Author Manuscript

‘TalqeL

Author Manuscript

Author Manuscript

Author Manuscript

Reprod Toxicol. Author manuscript; available in PMC 2020 June 01.



Page 14

Xu et al.

"(4VOIN) wopuey 1y Afg1eidwiod Buissin (971d) punog JamoT 8|qisead (g7v) punog JemoT 8Injosqy :suoleIAsIgqqY

v6'C (9€'6 ‘2L ¥) 619 sty (S6'6°296) €92 2
0g'e (ez'0T 'v6'v) 62°L 0s¥  (67°0T '00'9) 908 d
20y (65'TT '69'G) €€°8 LIy (06°0T '0€'9) TV'8 oy 9ze 78 6y  ASVd [el0L
70T (¥6'€ '19°T) 65°C €0T  (S0¥'287T)LLT 2
L0'T (80'5'€5'T) €6'C LTT (Sv'96'T) €0°E d
ve'T (26'9'50'2) 98°€ eeT  (v8v'era)6ee oy 10T z8'e r44 anNyv
0T (Lz9'1zT) 88°E 66T  (Tr'9'087¢) SEV 2
or'T (Le'9'5€2) 20 L0c  (299'€6'2) ¢SV g
8r'T (sv'9'sve) ety ere  (129'66'2) 09 oy 17T 1484 ve Swv4d
v1°0 (96'0 '80°0) €0 yT'0  (SP'T'€T0) 050 2
vT°0 (26'0'60°0) £€°0 vT0 (9T '¥T°0) IS0 d
vT'0 (00'T '60°0) ¥€'0 vT0 (VT '%T°0) 250 oy v1°0 670 € Sv4 (TLT'2=N ‘€8¥ = U) ¥T0Z-€T0Z
€9°¢ (TT°0T ‘2€9) 8Y'L 11e (266'erS) Ly 2
07 (5801 'z8'9) 0T'8 8zy  (,8°01'86'S) 128 |
95y (6G'TT 'e€9) €L°8 €Ly (8S'TT '6v'9) 28'8 v 88’1 00'6 Zr  Asvd [eoL
€T (0z's 'vze) 06 TT (BLv'iTR)oge 2
Sr'1 (895 ‘vv2) €8¢ 8yt (€9G'/v2)€8E |
vLT (ev'9'8L2) SEV 6.1 (S29'8L2) 8¢V v 860 26y r44 anNyv
Ge'T (96's'v12)2Le 8r'T  (86'G'GE) L8°€ 2
SS'T (0g'9'6e2) 20Y v9T  (82°9'152) 0T |
29T (ev'9'6v2) ¥T'¥ L1 (6v9'v92) LT v G8'0 88'€ 61 Sv4d
¥0'0 (8€'T'€0°0) 92°0 v0'0 (95T '€0°0) 0E'0 2
¥0'0 (ee'1'200) 520 v00  (8v'T'€00) 820 |
¥0'0 (¥z'1'20°0) €20 v00  (¥¥'T'€00) L20 v ¥0'0 020 T Sv4 (8€2'2=N 'v0¥ = U) €T02-2T0C
a4 (10%56) dviN - 814 (10%56) dvIN
,POUIRN uoneinduwi 8TV UVOW  sesen  sisoubela HAz,cfmef

Auoruyizeoey x j0yodly Auy

10yod|y Auy

Author Manuscript

"¥T02-£T0Z PUB £T0Z-2T0Z Ul AlID UIBISIMUINOS J1J19ed 8y} 10} asuodsay Jo Alisuadold

‘¢ slqeL

Author Manuscript

Author Manuscript

ay1 101paid 01 Audiuyig/eoey Aq 1oyod)y Auy Jo |oyodly Auy Buisn (ualpjiyd 00T J4ad) aousjensld QS 40 Spunog 1amo] 8|q1ses pue sslewnsy

Author Manuscript

Reprod Toxicol. Author manuscript; available in PMC 2020 June 01.



Page 15

Xu et al.

'e'0 = d pue 880°0 = '\ Yum yarolidde ornsweseduou ayy Buisn paindwiod punog Jamoj a]qisesy syl s m_._u_m.

‘ANd1UYIT/a0eY X [0Y0I|Y AUV 10} BUIIET-SAA,, PUB [OUOD|Y AUV 10§ SBA,, :ASVH [B10L JO aousjenald 1saybiy ayy yum Alobsges - O

‘(3D1IN) suonenba paureys Aq uoneindwi ayerieAnw Buisn - g
{ANo1uY/a9eY x [0Y0d|Y AUy 10 J3UIO-ON, PUe |0Yod|Y AUy 1o} ON,, :dSV4 [BI0L JO ouajenald 1samo aur yum Alobared - 2y
{ANd1UYIT/e0BY X 0409 AUy 10} eurleT]-oN,, pue [0yod]y Auy 1o} 0N, :ASV4 [e10l Jo sausjenad 1samoj aul yum Alobieyes - Ty

:Buimoljoy ay1 aq 03 paandwil a1am s30algns u ayy Buowe asuodsas Jo Ansuadoud Jo si0101pald ayy ui sanjea Buis: ._>_w

(5)'(8102) "I 18 Ae\ UI pariodal ayewnsa adusjeAald aAITRAIaSUOD By SI m_|_<m

(5)'(8102) "I 12 Ae\ Ul pariodal ayewunsa aouajenald pajybilam ayp sl w_,cd_\/_N

"JUBWI[0JUD BPRIB 1T [€10} 8L SI N ‘UOIIRILISSEIO SV PUE UOIRN[BAS 833]dW0d © U3IM UBIPIIYD 4O Jaguinu 8y} sI cN.

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Reprod Toxicol. Author manuscript; available in PMC 2020 June 01.



	Abstract
	INTRODUCTION
	METHODS
	Study design and samples
	Inverse-probability weighting and sensitivity analysis
	MCAR estimate
	MAR estimate
	Sensitivity analysis

	Simulation to determine the range of ρ
	Imputing predictors of response

	RESULTS
	Simulation results
	CoFASP data results

	DISCUSSION
	References
	Figure 1.
	Table 1.
	Table 2.



