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ABSTRACT Objective: This study adapts propensity score methodol-
ogy for estimating causal effects in observational studies, particularly
addressing the challenges of missing semi-continuous covariate data in
environmental epidemiology. Material and Methods: Data were drawn
from the Detroit Longitudinal Cohort Study, which examines prenatal
alcohol exposure's impact on child cognitive development. The dataset
includes maternal self-reports of alcohol and drug use during pregnancy,
alongside biological assay results. A significant portion of the covari-
ates, such as maternal substance use, exhibit a semi-continuous distribu-
tion with excess zero values and a long tail. Missing data in these co-
variates pose a risk to valid causal inference. To address this, we used
the R package MICE for multiple imputation, incorporating maternal
characteristics, socioeconomic indicators, and child neurodevelopmental
outcomes. Additionally, a two-part modeling approach accounted for
the distinct zero-inflated nature of the covariates. Misclassification cor-
rection techniques reconciled discrepancies between biological assays
and maternal self-reports, particularly for illicit drug use, by adjusting
sensitivity and specificity during the imputation process. Propensity
scores for gestational alcohol exposure were estimated using the imput-
ed datasets to ensure balanced covariates across exposure groups. Re-
sults: Our method performed well, particularly in scenarios with high
percentages of zeros and missing observations in the semi-continuous
covariates. Conclusion: This approach provides robust estimates of
propensity scores, enhancing causal inference in studies involving ma-
ternal behaviors and childhood cognition.

Keywords: Multiple imputation for semi-continuous covariates;
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OZET Amagc: Bu galisma, gozlemsel ¢alismalarda nedensel etkilerin
tahmin edilmesinde egilim skor metodolojisini uyarlamaktadir, 6zellikle
cevresel epidemiyolojide kismi-siirekli kovaryat verilerinin eksikligi ile
ilgili zorluklara odaklanmaktadir. Gere¢ ve Yontemler: Veriler, gebe-
likte alkol maruziyetinin g¢ocuk bilissel gelisimi tizerindeki etkisini ince-
leyen Detroit Boylamsal Kohort Calismasindan almmistir. Veri seti,
gebelik sirasinda anne tarafindan bildirilen alkol ve ila¢ kullanimi ile
biyolojik test sonuglarini igermektedir. Kovaryatlarin énemli bir kismu,
anne madde kullanim gibi fazla sifir degeri ve uzun kuyruklu dagilim-
lar sergileyen kismi-siirekli bir dagilima sahiptir. Bu kovaryatlarda eksik
veriler, gegerli nedensel ¢ikarim i¢in risk olugturur. Bu durumu ele al-
mak icin anne oOzellikleri, sosyoekonomik gostergeler ve ¢ocuk
norogelisimsel sonuglari igeren ¢oklu imputasyon igin R paketi MICE
kullanilmistir. Ayrica, kovaryatlarin sifir sisirilmis dogasini hesaba kat-
mak i¢in iki pargali modelleme yaklagimi uygulanmustir. Yaniltict sif-
landirma diizeltme teknikleri, biyolojik testler ile anne raporlari arasin-
daki uyumsuzluklari, 6zellikle yasa dist ilag kullanimi igin, imputasyon
stirecinde duyarlilik ve 6zgiillik ayarlamalari yaparak uyumlu hale ge-
tirmistir. Gestasyonel alkol maruziyeti i¢in egilim skoru, impute edilmis
veri setleri kullanilarak tahmin edilmistir ve bu sayede maruziyet grup-
lar1 arasinda dengeli kovaryatlar saglanmigtir. Bulgular: Yontemimiz,
ozellikle kismi-siirekli kovaryatlarda yiiksek sifir oranlart ve eksik gozlem-
ler bulunan senaryolarda iyi performans gostermistir. Sonug: Bu yaklasim,
maternal davranislar ve gocuk bilisi ile ilgili ¢aliymalarda nedensel ¢ikari-
mu gelistiren saglam egilim skoru tahminleri sunmaktadir.

Anahtar kelimeler: Kismi-siirekli kovaryatlar i¢in ¢oklu imputasyon;
kismi gozlemlenen kovaryatlar ile egilim skoru;
Detroit Boylamsal Kohort Calismast; iki pargal yapi;
yaniltict siniflandirma
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Epidemiological studies on exposures like alcohol, smoking, or environmental factors must control for
confounders to make valid health inferences. Propensity score methods, a flexible alternative to regression
analysis, estimate the probability of receiving an exposure based on observed covariates, balancing treated
and untreated groups. These methods can be applied to binary, continuous, or semi-continuous exposures,
using techniques like matching, stratification, and inverse probability weighting for binary exposures, and
regression adjustment or inverse probability weighting for continuous exposures.t2 A key assumption in
propensity score analyses is the absence of unmeasured confounding, meaning all potential confounders
must be included in the model. To meet this assumption, Rubin and Thomas (1996) recommend including a
wide range of confounders in the propensity score model.2 However, missing data in the covariates poses a
challenge. Complete case analysis can reduce sample size, lowering statistical power, increasing standard
errors, and introducing bias if the data are not missing completely at random (MCAR). A more sophisticated
alternative is multiple imputation (MI), which effectively handles missing data in various contexts.*®

Several studies have explored using multiple imputation (MI) to create complete datasets for estimating
propensity scores.”® Donna et al. (2000) compared MI with generalized boosted modeling and found that
MI, particularly with a missingness pattern, outperformed other methods by accounting for the added
uncertainty in imputing missing data. While many statistical packages for M1 exist, they typically rely on
standard regression models like logistic or linear regression, which may not suit covariates with different
distributions. This paper addresses challenges in environmental and behavioral epidemiology, where
variables are often long tailed or semi-continuous. For example, zero values can indicate abstinence (e.g., no
exposure), which differs qualitatively from non-zero values representing varying exposure levels. Abstinence
may be linked to distinct socio-environmental and personal confounders, and such long-tailed, semi-
continuous variables are common when measuring environmental contaminants.

Several approaches have been recommended for handling incomplete semi-continuous data. One useful
method is multiple imputation with predictive mean matching (PMM), which preserves the structure of the
variable by sampling from similar predictive mean values.!® Because it preserves the structure of the variable
by sampling from observations with similar predictive mean values. Another approach is log-transforming
the skewed variable before imputation and back-transforming it to its original scale.2*2 However, this treats
semi-continuous variables as continuous, which can be problematic. A better method imputes missing data in
two steps: first, imputing the probability of exposure, then imputing the amount of exposure for those
predicted to be exposed. This approach has been applied to cost data, though the initial binary step treated
the data as normally distributed, rounding imputed values to 0 or 1, using a cutoff value of 0.5.2* Su et al.
developed an algorithm for semi-continuous data imputation, implemented in the R package “mi”.*> In this
paper, we apply a similar algorithm using standard MI software (e.g., MICE), with additional steps to handle
misclassified covariates. We propose a multiple imputation scheme that effectively addresses skewed and
semi-continuous variables while incorporating supplementary information from biological assays, improving
the plausibility of imputations—something PMM does not offer.

The paper is structured as follows: The next subsection introduces our motivating example. Section 2
explains how the R package MICE can be adapted to impute missing semi-continuous data using a two-part
model and handle misclassification, also demonstrating the estimation of a propensity score for a continuous
exposure. Section 3 presents results from a simulation study comparing our imputation scheme with predictive
mean matching and a normal imputation routine. Section 4 discusses findings from the Detroit Longitudinal
Cohort Study. Section 5 reviews the strengths and limitations of our approach and suggests future directions.

I MATERIAL AND METHODS
MOTIVATING EXAMPLE

Prenatal alcohol exposure (PAE) is linked to cognitive and behavioral deficits, but the dose-response
relationship remains unclear. While pregnant women are advised to abstain from alcohol, the effects of low-
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level exposures are still not well understood, complicating diagnosis and treatment of affected children. This
issue is further complicated by studies often relying on clinic-referred children, where accurate data on
maternal alcohol use is lacking.

The Detroit Longitudinal Cohort Study follows children with varying levels of PAE, tracking
participants from birth to age 19. The study began with 480 pregnant African American women and
collected alcohol use data through timeline follow-back interviews, along with information on other
substance use, smoking, demographics, maternal health, and home environment. Neuropsychological tests,
including 1Q, memory, executive function, and academic achievement, were administered from infancy to
adulthood.

Ethics approval for this study was granted by the University of Waterloo Research Ethics Office
(approval number 40535, dated December 19, 2018), ensuring compliance with ethical standards and the
principles of the Helsinki Declaration.

PROPENSITY SCORE ESTIMATION IN THE PRESENCE OF MISSING COVARIATES

Suppose we are interested to relate a continuous exposure variable, T, to an outcome Y, after adjusting for a
set of potential confounders, X3, X,. Our analysis will be based on the use of propensity score methods, as
they have been adapted to the context of continuous exposure variables." We assume that there are no
missing values for the Y and T, but in the context where some of the Xs are missing, analysis needs to
follow the following steps:

i. Apply MICE to impute the desired number of completed datasets. In practice, it is often recommended to
generate 10 imputed datasets.

ii. For each completed dataset, do the following:

o Fit a model that predicts T as a function of all available potential confounders, including interactions
and non-linear terms, as needed. For each subject, obtain their predicted value T

e Fit the outcome model: Y%= 0o+ ;T + w,T +&.

iii. After repeating step 1-2 for each imputed data set, we use Rubin’s rules to combine the estimated w; and
their standard errors obtained from each imputed dataset.*®

In principle, these steps are straightforward. However, a concern arises when one or more of the Xs
have a skewed, semi-continuous structure. In our motivating study, this situation occurs with variables re-
lated to prenatal use of cocaine, marijuana, opiates, and tobacco use during pregnancy. In the next section,
we will discuss how to adapt the R package MICE to impute semi-continuous covariates while accommodat-
ing misclassification in the imputation process.*’

MULTIPLE IMPUTATION BY CHAINED EQUATIONS FOR SEMI-CONTINUOUS VARIABLES

To simplify the discussion, we drop the subscript that distinguishes different confounders and consider a
variable X with a two-part structure, where X=0 denotes zero exposure, and nonzero values represent the
amount of exposure. To handle missing values in X, we can think of X as the product of two ancillary
variables, W a binary indicator of exposure, and Z, an ancillary continuous variable. This approach is
described and implemented in the R package mi.*> While it may seem unnecessary to interpret Z when W=0,
it is not crucial since our primary interest is in the product X=2*W. The elegance of this framework lies in
its adaptability within MICE, as it allows for the imputation of missing values for the log-transformed,
allowing for the imputation of missing values for log-transformed Z and W. During the analysis phase, only
the expression X=exp(Z)*W is utilized. The specific pattern of missingness for W and Z is outlined as
follows:
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W = 1ifX>0
= 0,ifX=0
= missing, if X is missing,
Z =X, ifX>0
=missing, if X=0

= missing, if X is missing.

CORRECTING FOR MISCLASSIFICATION IN THE MULTIPLE IMPUTATION BY CHAINED EQUATIONS

Misclassification can occur in epidemiological studies when participants have a reason to provide false
responses, particularly with sensitive questions, such as those related to illicit drug use. If not corrected, this
misclassification can lead to biased results and incorrect conclusions.

In our motivating study, routine urine toxicology screen results revealed that some subjects who
reported no illicit drug use at their prenatal visits tested positive for illicit drugs. We used this supplementary
information to adjust for the misclassification of illicit drug use variables as follows:

As before, X represents one of the illicit drug use variables, which is assumed to have a two-part
structure. To handle the missing values of X, we consider Xs the product of two ancillary variables: W a
binary indicator of whether the subject was exposed, and Z, a continuous variable.

We used urine toxicology screen results to create an indicator variable 1; as follows:
I =1, if the urine toxicology screen result is positive for the illicit drug in question
=0, otherwise.
To incorporate this supplementary information in the imputation scheme, we coded W and Z as follows:
W =1,ifX>0
=1,ifl =1and X=0
=1, if X is missing and =1
=0, if X=0and I=0,
Z =X,ifX>0
= missing, if X=0
= missing, if X is missing.

By integrating the supplementary data into our motivating example, the binary indicator denoting
subject exposure, W, became a fully observed variable. Subsequently, we applied MICE to impute the
missing values of the log-transformed Z. For cases where W=0, the imputed exposure value was set to zero,
while for W=1, the imputed value was obtained from exp(Z). We utilized custom scripts for data analysis,
which are available on our GitHub repository https://github.com/takkaya/MICE-for-imputing-a-semi-
continuous-covariate.git.

SIMULATION STUDY
Data Generation

We adopted the simulation scenarios outlined by.*2 The simulated datasets comprised a continuous exposure
variable (T), a continuous outcome variable (Y), a semi-continuous confounder variable (X;), a binary
confounder variable (X;) and a continuous confounder variable (X3). We generated data in which 20%, 40%,
60% of the values of the semi-continuous variable X; were zero. The steps for generating the data are
outlined below.

1. Two confounder variables (X,, X3) were as X, ~ Binomial (1, 0.7) and X3 ~ N (0, 1) respectively.
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2. A semi-continuous confounding variable (X;) was simulated by first generating a binary indicator U, as a
function of the confounder variables:

Pr(U=1|X,,X3)=expit(0o+0;X,10,X3) (1)

with the value for 6, altered to control the percentage of zeros, and 8; and 6, are set to 1.25 and 0.40
respectively. A continuous variable (V), representing the positive values for X;, was then generated from a
Poisson regression model dependent on the auxiliary variables using V ~ Poisson()

log(n)= ap + 01Xz + 02X3 (2)
where ap=2.35, 0,=0.5, 0,=0.3. The semi-continuous variable, X;, was then obtained by U * exp(log(V)).
3. A continuous exposure variable (T) was generated as a function of three confounder variables:

Ti= Yo+ y2Xin + v2Xio + vaXig + & 3)
where " ~ (0, 62).

4. and a continuous outcome Y was generated as a function of the confounder variables and the continuous
exposure variable.

YZB0+Bl*T+B2*X1+B3*X2+B4*X3+8Y (4)
where &Y ~ N (0, 6® y and B=0.5, B;=4, B=5.6, B3=0.3 and ,=0.8.

Generating Missing Data

We imposed the missing data under missing at random (MAR) mechanism where the missingness in X; was
dependent on the confounder variable X, using the logistic regression model.

log(Xy is missing) = o + Ny * X3 (5)

where n1=1.9. The value of n is controlled to have three scenarios where 20%, 36% of values in the semi-
continuous confounder variable (X;) was missing. For each scenario, 1000 datasets of 500 observations were
generated. The sample size of 500 observations per dataset was chosen to be a realistic sample size for a
cohort study and was motivated by the Detroit Longitudinal Cohort Study (which recruited n=480 in total,
with n=337 included in the case study analysis).

Estimation and Performance

The parameter of interest was the coefficient (B;) from the linear regression for the continuous exposure

variable on the continuous outcome (Equation 4). This parameter was estimated using three different

imputation methods namely, multiple imputation of semi-continuous variables via two-part model,

predictive mean matching and the imputation based on normal distribution. The “true” value was the

parameter value specified in the data generating model (Equation 4). Four measures of performance were

considered for the evaluation of the methods:

i. Bias: The difference between the average of the estimates (over the 1000 replications) and the “true” value.

ii. Empirical SE: The SD of the point estimates over the 1000 datasets.

iii. Model-based SE: The average of the estimated standard errors over the 1000 replications. If an imputa-
tion procedure is performing well, the average model-based SE should be like the empirical SE.

iv. Coverage: The proportion of 95% confidence intervals across the 1000 replications that contain the true value.

I RESULTS

Results for the coefficient B; from the linear regression of the continuous exposure variable on the
continuous outcome (Equation 4) are shown in Figure 1. As the percentage of zeros increases, imputation
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FIGURE 1: Simulation results ((a) Empirical bias, (b) Difference between the model-based SEs and the empirical SEs, (c) Coverage of the estimates)
for estimating the linear regression coefficient for the exposure variable in the presence of missing data in the semi-continuous covariate Xi.
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based on the two-part model (TPM) produced the smallest bias across the scenarios we considered.
Predictive mean matching also performed well; however, imputation based on TPM had over-coverage of
the 95% confidence intervals in all scenarios. Although there were inconsistencies in scenarios with 20%
missing observations, as the percentage of missing observations increases, the difference between model-
based standard errors (SEs) and empirical SEs was smallest for the TPM method.

Overall, the TPM method performed reasonably well, particularly in scenarios where both the
percentage of zeros and the percentage of missing observations in the semi-continuous covariate x; are
relatively high. Predictive mean matching remains an acceptable approach for imputing semi-continuous
covariates; how- ever, its performance deteriorates when the percentage of zeros approaches 60%.

DATA APPLICATION

We now demonstrate how we adapted the MICE method to handle missing data in the Detroit Longitudinal
Study. This sample includes 480 pregnant women recruited at their first antenatal visit. Information on
alcohol use was collected at each prenatal visit using a timeline follow-back interview.*? These interview
data were converted to ounces of absolute alcohol (AA) and summarized as average ounces of AA per day.
Maternal reports of cocaine, marijuana, and opiate use (days per month) were obtained at every prenatal visit
except the first. Additional data include maternal smoking during pregnancy (cigarettes per day),
demographic background, number of pregnancies, maternal age at delivery, years of education, marital
status, socioeconomic status depression (Beck Depression Inventory), intellectual competence (Peabody
Picture Vocabulary Test; PPVT), stressful life events, and the Home Observation for Measurement of the
Environment (HOME), a measure of the quality of intellectual stimulation provided by the parent(s).2

Our analysis focused on assessing the effect of prenatal alcohol exposure (AA/day) on the Freedom
from Distractibility Index of the Wechsler Intelligence Scale for Children-Third Edition (WISC-I111), while
accounting for a set of potential confounders. Out of 480 subjects, we included only the 336 individuals for
whom the Freedom from Distractibility Index score was available. We used generalized propensity score
methodology to adjust for these confounders when evaluating the association between prenatal alcohol
exposure and the outcome of interest. However, missing values for several key control variables presented
challenges. Table 1 shows the descriptive statistics and percentage of missing data for variables included in
the propensity score estimation. Missing data was moderate-to-large for variables such as gestational age at
initial screening; maternal depression scores at birth, 6 months, 12 months, and 7 years; HOME scores at 6
months and 7 years; biological mother’s PPVT score; and prenatal exposure to cocaine, marijuana, and
opiates. Missing rates for these variables ranged from 0.02% to 46.0%. If we used only complete cases to
estimate the effect of prenatal alcohol exposure on WISC at age 7 years, we would be left with only 114
cases, eliminating 66% of the data. Discarding such many incomplete cases poses significant threats to the
validity of the complete case analysis and reduces power to detect true effects.

Our analysis aimed to assess the effect of prenatal alcohol exposure (AA/day) on the Freedom from
Distractibility Index of the Wechsler Intelligence Scale for Children-Third Edition (WISC-II), adjusting for
confounders. Of the 480 subjects, 336 had valid WISC-III scores. We used generalized propensity score
methodology to control for confounders in evaluating the association between prenatal alcohol exposure and
the outcome. Missing data on key control variables posed a challenge, with missing rates ranging from
0.02% to 46% for variables like maternal depression and prenatal drug exposure. Using complete cases
would have reduced the sample to just 114 subjects, eliminating 66% of the data and risking reduced power
and potential bias.

Another issue was the discrepancy between self-reported drug use and urine toxicology screens. Some
subjects reported no drug use but had positive toxicology screens (19 for cocaine, 45 for marijuana, and 1 for
opiates). Additionally, 12 subjects had no drug use data because they had only one prenatal visit. For these
12, we used retrospective drug use reports from a 13-month follow-up. We treated prenatal drug use as a
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two-part variable, with each drug variable calculated as the product of a binary exposure indicator and the
amount of exposure. Missing data on the continuous part was handled by setting it as missing for non-users,
those with contradictory toxicology results, and those without prenatal data.

TABLE 1: The frequency distribution of potential confounders in the Detroit Longitudinal Cohort Study.

Continuous variables % of missing Mean (SD)
Socioeconomic status at birth/infancy 0.0 33.8(30.9)
Socioeconomic status at age 7 yr follow-up visit 0.0 25.7 (11.1)
Gestational age at screening 2.0 23.7(7.7)
Number of prenatal visits 0.0 5.18 (3.23)
Biological mother‘s education (yr) 0.0 11.7(1.6)
Beck Depression Inventory score (Prenatal) 3.0 11.0 (7.6)
Beck Depression Inventory (6-mo postnatal visit) 10.0 114 (7.9)
Beck Depression Inventory (12-mo postnatal visit) 46.0 9(7.1)
Beck Depression Inventory (7-yr follow-up) 0.2 A(71)
Biological mother's verbal 1Q (PPVT score) 9.0 721 (12.3)
Primary care giver's at 7-yr follow-up PPVT 0.0 73.6 (13.6)
Prenatal cocaine exposure 13.0 0(2.9)
Prenatal marijuana exposure 13.0 8(2.6)
Prenatal opiate exposure 13.0 2(1.1)
Maternal smoking during pregnancy (cigarettes/day) 0.0 9.7 (1 1.7)
HOME score at birth/infancy 18.0 309 (4.7)
HOME score at 7-yr follow-up visit 0.5 39.5(74.9)
Number of stressful events at 7-yr follow-up 0.0 8(5.5)
Perceived life stress at 7-yr follow-up visit 0.0 34.6 (27.1)
Child’s age 7 yr follow-up visit (in days) 0.0 2830 (115.6)
Categorical variables % of missing n (%)

Biological mother’s marital status at recruitment

Married 0.0 36 (11.0)
Not married 0.0 300 (89.0)
Primary care giver's marital status ( 7-yr follow-up visit)

Married 0.0 287 (85.0)
Not married 0.0 49 (15.0)
Parity

0 0.0 116 (34.5)
1 0.0 93 (27.7)
2 0.0 76 (22.6)
3 0.0 23 (6.8)
4 0.0 15 (4.5)
>=5 0.0 13 (3.9)
Gravidty

1 0.0 5 (16.4)
2 0.0 6 (22.6)
3 0.0 68 (20.2)
4 0.0 1(12.2)
>=5 0.0 6 (28.6)

SD: Standard deviation; PPVT: Peabody Picture Vocabulary Test; HOME: Home Observation for Measurement of the Environment.
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We used the MICE package in R to impute missing values for control variables, generating 10 imputed
datasets. For each dataset, we estimated the propensity score based on all key control variables and then fit
an outcome model predicting the WISC-I1I Freedom from Distractibility Index as a function of prenatal
alcohol exposure and the estimated propensity score. We combined the estimates and standard errors using
Rubin’s rules. A complete case analysis with 114 subjects revealed larger standard errors compared to the
multiple imputation approach (Table 2). The relationship between the propensity score and the outcome
differed significantly between the two methods, suggesting bias in the complete case analysis due to
differences in covariance structures.

TABLE 2: Effect of prenatal alcohol exposure on the Wechsler Intelligence Scale for Children Freedom from Distractibility Index at age 7 years
using complete cases and multiple imputation.

Complete case Imputation based on TPM
Estimate SE 95% CI Estimate SE 95% Cl
Intercept 104.6 20 (100.6, 108.6) 101.4 14 (98.6,104.2)
Prenatal alcohol consumption -85 6.6 (-21.8,4.7) -104 35 (-17.2,-3.6)
Propensity score -79 105 (-28.7,12.7) 20 84 (-14.5,18.6)

TPM: Two-part model; Cl: Confidence interval; SE: Standard emor.

I DISCUSSION

In this paper, we present a case study that demonstrates how the MICE package in R can be adapted to im-
plement multiple imputation in settings where some incomplete covariates exhibit a semi-continuous struc-
ture. Buuren and Groothuis-Oudshoorn emphasize that the importance of employing tailored imputation
models that align with the distributional properties of the data.X

Our multiple imputation strategy is straightforward to implement, allowing practitioners to use the
MICE package with minimal coding. We evaluated and compared our method against one of the most used
techniques, predictive mean matching. Research by Harel et al., explored various imputation strategies, in-
cluding predictive mean matching and multiple imputation with different modeling assumptions.? Their
findings indicate that while predictive mean matching is widely utilized, it may not always effectively cap-
ture the underlying data structure, particularly in scenarios with high missingness.

In our simulation study, we found that our approach performs well. Specifically, we observed that when
both the percentage of missing observations and the percentage of zeros in the semi-continuous covariate are
high, the imputation method based on the two-part model slightly outperforms other approaches. Although
predictive mean matching yielded reasonable results in most cases, it does not accommodate supplementary
information necessary to correct misclassification, as demonstrated in our motivating example. King et al.
examined the type of missing data in substance use, highlighting the substantial bias occur when participants
who are missing data are different from those who are not missing data.?

We illustrate our approach using data from the Detroit Longitudinal Cohort Study, which aims to assess
the effects of prenatal alcohol exposure on child and adolescent development. A critical challenge in this
analysis is the missing data on key control variables, including prenatal exposure to cocaine, marijuana, and
opiates. These variables follow a two-part structure, where zero values indicate abstinence and non-zero val-
ues reflect varying degrees of exposure. This necessitates an imputation approach that preserves the distribu-
tional characteristics of the data.

Another complication arises from routine urine toxicology screening results, which indicated that
some subjects reported no illicit drug use during pregnancy despite positive results for the drugs in ques-
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tion. To address these mis-specified covariates, we extended our method to incorporate additional infor-
mation from routine urine toxicology screen results and postnatal assessments. Our comparison of com-
plete case analyses with results obtained from our imputation approach revealed significant differences
between subjects with and without missing data, underscoring the substantial bias introduced by complete
case analysis.

Looking ahead, our current work includes extending our proposed approach to situations where the ex-
posure variable is also considered to have a semi-continuous structure. In the context of the Detroit study,
prenatal alcohol exposure is an example of such a variable and adapting our approach to accommodate this
would be straightforward, following the methodology described in reference 21.

Finally, we acknowledge that our work is limited by the simulation scenarios we considered, which fo-
cused on a partially observed semi-continuous covariate. Future research should conduct comprehensive
simulation studies to evaluate the performance of our proposed imputation algorithm across multiple par-
tially observed semi-continuous covariates, thereby enhancing its applicability and robustness in diverse set-
tings.

I CONCLUSION

In conclusion, our study introduces a novel approach to addressing missing semi-continuous covariate data
in propensity score estimation by adapting the R package MICE and incorporating misclassification correc-
tions. This methodology demonstrated significant improvements in imputing maternal substance use vari-
ables, such as prenatal alcohol and illicit drug exposure, which often exhibit a zero-inflated and long-tailed
distribution. Specifically, our two-part imputation model more accurately handled covariates with high pro-
portions of zeros, compared to traditional methods like predictive mean matching.

For prenatal alcohol exposure (AA/day), the proposed method reduced bias in propensity score estima-
tion by accounting for discrepancies between maternal self-reports and biological assay results, resulting in
more balanced covariates across exposure groups. Similarly, the correction of misclassified illicit drug use
data significantly decreased the underestimation of exposure effects on childhood cognition.

These enhancements led to more precise estimates of the relationship between prenatal substance expo-
sure and cognitive outcomes, as measured by the Wechsler Intelligence Scale for Children-Third Edition
(WISC-I111). Notably, the two-part imputation model was particularly effective for variables with >30% miss-
ing observations and >40% zero values, demonstrating superior performance over conventional imputation
techniques.

Future research can expand this framework to examine additional semi-continuous variables in observa-
tional studies, addressing a broader range of public health challenges related to maternal behaviors and child
development. This work underscores the importance of aligning imputation strategies with the unique distri-
butional properties of the data, ultimately enhancing the validity and reliability of causal inferences in envi-
ronmental epidemiology.
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